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Abstract
Nearly all modern social media platforms show only top-level posts
in the ranked “For You” Feed; while replies exist, they are hidden
into dedicated pages away from Feed. We describe Conversations in
Feed (“CI”), the production system powering the recommendations
of full post + reply "conversation" chains in the “For You” Feed
of Threads, Meta’s social media App for conversations. Naively
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reusing the post-ranking stack for conversations fails: conversa-
tions aggregate engagement from both top-level posts and replies
leading to significant differences in signal distributions - they skew
towards active engagement over passive time-spent - and are sub-
ject to higher toxicity and unique content quality risks. Our con-
tributions mainly include three areas across the recommendation
stack: (i) a reply-aware ranking objective that keys conversations
on the leaf reply, unions engagement signals across the entire reply
chain, applies incremental-value debiasing to format-confounded
signals such as time spent, and fuses long cross-surface engage-
ment sequences with sparse conversation-keyed features. (ii) an
inventory management system that select replies based on a suite
of LLM-derived quality signals; and (iii) a Group ID mechanism that
suppresses cross-session conversation redundancy via a multiplica-
tive Group-Counter demotion. CIF has been deployed in production
on Threads since 2025. An end-to-end deletion test removing all
conversations from the ranked feed degraded sessions (daily total
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App opens) by −7.21%, impressions (daily number of posts con-
sumed by users) by −7.05%, and time spent (daily total time spent
in App) by −5.44% — confirming that conversations meaningfully
improve user experience.

CCS Concepts
• Information systems → Recommender systems; Retrieval
models and ranking; Social Networking; Content ranking.
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1 Introduction
1.1 Why Display Conversations in Feed?
Social-media feeds rank a heterogeneous mix of items — posts, pho-
tos, videos — selected from corpora of 𝑂 (108) candidates [3, 7, 11,
17]. Platforms such as Facebook, Instagram, TikTok, and Twitter/X
employ multi-stage recommendation pipelines — inventory/pool,
retrieval, early-stage ranking (ESR), and late-stage ranking (LSR).

Standard social media feeds only source and rank posts, with the
replies being sequestered into a dedicated "comments page" for each
post. This works when a product focuses mainly on posts or mainly
on replies. However, for threads, Replies drive roughly half of all
Threads impressions, with the best replies spread shallowly across
many top-level posts. As a result, surfacing the best "conversations"
— chains of top-level posts plus replies — directly in Feed is critical
for Threads (Figure 1).

1.2 Unique Challenges
Today, conversations are sourced and ranked alongside top-level
posts, and constitute a meaningful portion of Threads “For You”
Feed impressions. The conceptual framework is a simple general-
ization of the standard ranking problem: instead of showing only
the most personalized top-level posts, the goal is to show the most
personalized conversation chains. The number of possible conver-
sation chains is isomorphic to the number of top-level posts + the
number of replies; see Figure 2 for a visual explanation. While this
framing makes conversation recommendation a natural extension
of the item recommendation problem, in practice the problem poses
fundamental challenges that, to our knowledge, have not been ad-
dressed in the literature: conversations are not posts. They differ
from posts in key ways:

• Ranking Objective: The traditional ranking system works
by considering engagements on just the post being ranked.
Each post is described by a high dimensional feature vector
based on the engagements. We translate the likelihood of
different engagements into relevancy scores for ranking [12].

Figure 1: An example of a Threads conversation in Feed. The
user marked by the orange dot (everyday.curios) authored
the root post (also called top level post), while the usermarked
by the blue dot (industrialdesign.daily) authored the reply.
The reply-chain depth is one, that is, a single reply with no
nested sub-replies. In this case, root post is the same as parent
post. If we have sub-replies, the immediate parent of a reply
is itself another reply, whereas the root post always refers
to the original top-level post (in this example, the post by
everyday.curios).

Figure 2: An example of a top-level post and its reply topology
(left) and the corresponding conversation chains we could
recommend (right). The total number of ranking candidates
equals the number of top-level posts + the number of replies,
with each reply representing the conversation chain of itself
up through its parents to the top-level post, and the top-level
post representing the degenerate case of standard post-level
ranking.

However, a conversation has multiple posts that can receive
engagement. Conversation ranking must extend the ranking
objective to consider the case of multiple-post engagements
and integrate this seamlessly into the existing single-post
ranking system.

• Active vs. Passive Engagement: Reply engagement is pre-
dominantly active reciprocal engagement - having viewers re-
ply and the root post author liking and replying back - rather
than passive (time spent scrolling). Time spent-dominated
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relevancy scores work well for posts and especially video
recommendations, but overvalue low-quality replies that
capture attention without generating meaningful interac-
tion.

• Toxicity Risk: Conversations have higher toxicity risks. A
toxic reply damages the experience of both the viewer and
the original poster, creating negative externalities absent
from post ranking, yet may result in higher engagement
overall. Empirically, we find that integrity penalties must be
8–9× stronger for replies than for posts to maintain quality.
More generally, conversations must account for the possibil-
ity the user significantly enjoys one part of the conversation
(e.g. the reply) while finding other parts of the conversation
(e.g. the top-level post) distasteful.

• Unique User problems: While posts may only be shown
to a user once, ranking conversations carries the risk of
showing a user multiple replies to the same post. This dupli-
cation problem, which we call "bumping" (Example in Figure
5), is unique to Conversations in Feed and requires special
treatments.

These differences make unified ranking of conversations and posts
so challenging that nearly all social media Feeds forgo it entirely.
To successfully integrate conversations and posts into the ranking
stack, we introduce various reply-aware customizations through
the ranking stack, yielding significant improvements in both en-
gagement quality and user visitation.

1.3 Our Contributions
We describe Conversations in Feed ("CIF"), the production system
that sources conversation chains and ranks them against top-level
posts in Threads “For You” Feed. CIF is not a single model: it is a
coordinated set of three production components, each accounting
for a different layer of the recommendation stack. Our contribution
is the engineering case study: we describe how each component
was designed, the trade-offs that emerged during deployment, and
the online metrics observed in A/B tests on live Threads traffic. The
paper is structured around the three components:

(1) Ranking Objective (§4.1): CIF extends standard post rank-
ing to conversation chains by keying everything on the leaf
reply, taking the union of engagement signals (e.g., likes,
time spent) across the reply and its root posts, while ap-
plying an incremental-value debiasing step—subtracting a
format-aware baseline from implicit signals like time spent —
to ensure fair intra-format comparison. Because union scores
naturally inflate conversation scores relative to standalone
posts, a multiplicative demotion penalty is applied at both
ESR and LSR stages. Beyond the union, selective CIF-specific
signals (e.g., negative-weighted parent-post-tap for "meta-
commentary" replies) capture nuanced engagement dynam-
ics such as "dunk" replies where viewers may block the
parent author yet like the reply. On the feature side, con-
versations are represented by fusing two complementary
modalities: long cross-surface, cross-app user engagement
sequences that provide deep recent context, and sparse root
post keyed features that summarize 60+ days of history

where a shared user - item cross tensor lets both modali-
ties attend to each other. Offline evaluation via Normalized
Entropy confirms that stacking these sequence and sparse
features yields a 1-2% NE improvement across Multi Task
Multi Label (MTML) tasks, validating that the two modalities
supply complementary signal for conversation ranking.

(2) Inventory Management (§4.2): Threads’ inventory man-
agement system advances millions of daily posts through a
directed acyclic graph of quality pools — Cold Start, High
Quality, Breaking — where promotion or retirement at each
stage is governed by impression targets and engagement
signals. For replies, a dedicated hierarchy incorporates en-
gagement from both Feed and Comment Surface, naturally
easing the cold-start problem since substantial signal already
exists by the time a reply is considered for Feed distribution.
Central to our inventory management strategy is a suite of
LLM-based quality signals that audit the entire CIF inventory
at scale. Grounded in comprehensive user research on how
people perceive different types of replies, we fine-tuned large
language models to score content along dimensions such
as funny, informativeness, and whether a reply is demean-
ing. These LLM-derived scores are then integrated into pool
managements, enabling the system to go beyond raw engage-
ment metrics and surface content that genuinely enhances
user experience—while proactively filtering low-quality or
harmful replies before they reach broader distribution.

(3) Group ID Mechanism (§4.3): We define Group ID as the
unique identifier for a set of CIFs that reply to the same Root
post. To prevent users from repeatedly seeing CIF in the
same group across sessions, for each candidate, we count
how many items sharing the same root posts the viewer has
already seen, and save the number into a counter keyed on
Group ID, we call the number: Group Counter. CIF applies a
demotion based on the Group counter when Group Counter
≥ 1. More specifically, it applies a global score penalty, com-
plemented by a quadratic decay of 1/(𝑘 + 1)2 for the 𝑘-th
item in each conversation group. This mechanism relies on a
single new sparse feature Group ID with enrichment placed
at post-ESR. Group ID serves dual roles: driving the Group-
Counter demotion logic and acting as a sparse input to the
later stage MTML model so it can reason about previously
seen conversation-tree members. The production launch
yielded a dramatic −58% seen-impression rate, together with
overall Threads sessions wins, confirming the intervention
was correctly targeted at redundancy rather than engage-
ment.

CIF has been deployed on Threads since 2025. To isolate the im-
pact of CIFs, we conducted a deletion test in which all conversation
recommendations were removed from the ranked feed. The treat-
ment effect is evaluated along three primary engagement metrics:

• Sessions: Total number of App opens per day (One session
is one App open).

• Time Spent: Total time spent in Threads per day.
• Impressions: Total number of posts consumed per day.

The deletion test degrades sessions by −7.21%, overall impres-
sions by−7.05%, and time spent by−5.44%. The engagementmetrics
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Figure 3: Historic reply preview functionality in other apps

wins demonstrate that conversations are a meaningful part of the
user experience.

2 Related Work
Multi-stage feed ranking and Relevancy Scores. Industrial feed-

ranking pipelines combine candidate retrieval, early-stage ranking
(ESR) and late-stage ranking (LSR) [3, 7, 11]. Multi-task models
are used to predict heterogeneous engagement signals [6, 9, 15],
which a relevancy score fuses into a scalar objective. The trade-offs
of weight setting are subtle [14]; recent work explores RL-based
fusion [8]. None of these systems describe content-type-specific
Value-Model weights deployed for conversations in a unified feed.

Displaying Replies in Feed. Many social media Apps have, at one
point or another, displayed replies in Feed (Figure 3). But their
approach differs fundamentally from CIF. Rather than sourcing and
ranking full conversations and rendering them inline with posts,
existing reply preview systems are layered on top of top-level post
rankers. For each top-level post, they make a separate, heuristic
decision about whether to append a reply preview. This caps their
personalization value in a few ways. First, relevance is gated on the
top-level post alone, so conversations with great replies but weak
top-level posts are rarely shown. Second, per-post reply selection is
computationally expensive, so systems fall back on unpersonalized
heuristics and lack the personalization power offered by the CIF
system.

Reply/Comment ranking. Nearly all apps rank replies in dedicated
comment pages. These systems differ from CIF in two ways. First,
they rank individual replies, while CIF ranks the entire conversation
chain including both the reply and all root posts. Second, they rank
replies within a single post, while CIF sources from all conversations
and ranks them against each other, as well as against standard top-
level posts.

Engagement Toxicity. Milli et al. [10] show that engagement-
optimized ranking amplifies divisive content; we also verified this
through internal testing. This directly motivates our LLM-based
inventory filters.

Debiasing for ranking signals. Time-spent suffer from format and
position biases [2, 16]. The standard approach to position bias —
IPW or counterfactual learning to rank — assumes a flat-list exami-
nation model that does not match nested replies. Our incremental
value approach (§4.1.2) instead trains a baseline model conditioned
on post-format features and subtracts its prediction from the en-
gagement signal; this is closer in spirit to Beutel et al. [1] and Geyik
et al. [4] but applied to engagement-quality rather than fairness.

LLM-as-classifier in recommendation. LLM-based content classifi-
cation is increasingly used to gate or re-rank candidates for integrity
reasons [13]. We extend this by deploying an LLM classifier (the
demeaning filter) at the inventory management stage, where it acts
as an offline-batch filter rather than an online re-ranker.

3 System Overview
We present the production system for ranking Conversations in Feed
(CIF), where selected replies are displayed together with their root
posts in the Threads “For You” feed. The feed follows a standard
multi-stage ranking architecture: inventory management (corpus
construction), retrieval, early-stage ranking (ESR), late-stage rank-
ing (LSR), re-ranking, and final feed assembly, as illustrated in Fig. 4.

Ranking CIF introduces challenges beyond adding a new content
type to an existing feed. Replies are substantially more abundant
than top-level posts, vary more widely in quality, and derive part
of their value from the surrounding conversation context. A CIF
candidate is therefore not a standalone item, but a compound unit
consisting of a root post and one or more associated replies. The
system must decide not only whether a reply is high quality in
isolation, but also whether showing that reply adds incremental
value relative to showing the root post alone. To address these
challenges, we introduce a dedicated reply inventory, group-aware
candidate representation, conversation-aware ranking objectives,
and listwise controls that jointly govern CIF distribution.

Inventory and Retrieval. Because the reply corpus is much
larger than the corpus of top-level posts, directly exposing all replies
to the ranking pipeline would create both serving inefficiency and
quality risk. We introduce an LLM-driven inventory management
layer that continuously evaluates replies before they enter ranking.
This layer acts as an agentic quality gate: it identifies low-quality,
toxic, or unconstructive replies, prioritizes constructive and contex-
tually relevant responses, and maintains a high-quality candidate
pool for downstream retrieval and ranking. Replies are then re-
trieved through two complementary channels: connected replies
from accounts the viewer follows, and unconnected replies from
high-quality reply inventory outside the viewer’s social graph. This
allows the system to surface both socially relevant conversations
and broader high-quality discussions while controlling inventory
quality and serving cost.

ESR & LSR Ranking. CIF candidates are ranked together with
standard top-level posts in a unified multi-stage ranking system,
including early-stage ranking (ESR) and late-stage ranking (LSR).
Unlike a standard post, a CIF candidate consists of both a root
post and an attached reply, so the ranking system must reason
about the value of the combined conversation unit rather than the
reply in isolation. To support this, we introduce a conversation-
level identifier, Group ID, which links each reply to its root post
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Figure 4: CIF architecture. Blue boxes are the standard four-
stage pipeline; red boxes are the conversation-specific com-
ponents contributed in this paper.

and enables group-level feature construction, modeling, attribution,
and downstream controls. Both ESR and LSR models are extended
with conversation-aware features derived from this representation,
allowing the system to capture signals from the reply, the root post,
and the broader conversation context. At the objective level, we
design CIF-specific ranking functions to emphasize the incremental
value of showing a reply in addition to the root post. This helps
mitigate format bias from the richer CIF presentation and enables
CIF candidates to be compared more consistently with standard
top-level posts in the shared feed ranking stack.

Re-ranking and Diversity Controls. At the re-ranking stage,
CIF candidates are blended with standard top-level posts and ad-
justed by listwise controls to preserve feed quality and diversity. We
calibrate overall CIF prevalence so that conversational units comple-
ment, rather than dominate, top-level posts. Since multiple replies
may share the same root post, we use Group ID to prevent repeated
exposure to the same conversation thread. Candidates from the
same group are progressively demoted when they appear too close
together in the ranked list, reducing duplication and clustering.
These CIF-specific controls operate alongside standard feed-level
rules, including author diversity, topic diversity, and content-type
spacing.

4 Integrating CIF into the Ranking System
Our key architectural decision is that conversations compete di-
rectly against top-level posts within the same ranking request.
However, because conversations are not naturally comparable with
top-level posts, the ranking stack has conversation-specific tweaks
summarized in Figure 4.

4.1 Extending the ranking objective to
conversations

As explained in Figure 2, we can think of conversation ranking as
extending the standard problem of ranking the best posts to ranking
the best conversation chains, and moreover a conversation chain
is uniquely identified by the leaf reply. Thus, in CIF, the reads and
writes for all conversation features are done using the leaf reply’s
identifier, and many parts of the ranking system pretend we are
simply sourcing and ranking a reply. This approach presents two
operational challenges:

(1) When ranking selects a reply as a winner, the client must
render not just the reply but also recursively render the
parent posts.

(2) Engagements given to recursive parent posts must be tagged
with the reply’s identifier so that our label aggregation sys-
tem can map the engagement back to the source reply.

4.1.1 Taking the Union of Engagement across Reply and Parents. To
extend the existing signal set on top-level posts to conversations,
we transform each binary signal to be the union of the signal across
the reply and all its parents in the chain.

(1) As an example of a binary signal, 𝑝 (Like) represents the mod-
eled probability the viewer will press the Like button on a
post; for conversations, 𝑝 (Like) = 𝑝 (Likereply)

⋃︁
𝑝 (Likeparent).

(2) As an example of a float signal, 𝐸 [log(Time)] represents
the modeled log(time) the viewer spends with a post on the
screen. For conversations,𝐸 [log(Time)] = 𝐸 [log(Timereply+
Timeparent)].

The Union transformation allows us to naturally extend all ranking
signals on top-level posts to conversations. The weights for the
signals remain in sync across conversations and top-level posts
across changes to the relevancy scores, which prevents system
fragmentation. However, the Union operation presents additional
challenges that require addressing (Signal debiasing in §4.1.2).

4.1.2 Signal Debiasing via Incremental Value. Implicit signals such
as Time Spent (TS) are the dominant contributors to the LSR rel-
evancy scores. They are also the most format-confounded: con-
versations simultaneously display both the parent and the reply
which shifts time-spent distribution because we union Engage-
ments across Reply and their Parents (§4.1.1). A unified relevancy
score would systematically over-promote some formats and under-
promote others. We adopt an incremental value formulation. For a
signal 𝑥 (e.g., TS and a content item 𝑐 with format vector 𝑓 (𝑐) (e.g.,
is-reply, media-type, we train a baseline model 𝑏 (·) that learns the
average 𝑥 within each format bucket. The debiased signal is the
residual:

𝑥 (𝑐) = 𝑥 (𝑐) − 𝑏 (𝑓 (𝑐)) . (1)

The baseline model is a small Multilayer Perceptron (MLP) recur-
rently retrained on hourly engagement data; its inputs are exactly
the post-format features we wish to control for. The model-based
design replaces an earlier hand-bucketed pipeline that did not scale
to multiple debiasing dimensions. Once we use 𝑥 in the relevancy
score, intra-format comparison is fair: a reply with above-average
time-spent for replies is rewarded, not penalized for being shorter
than a typical post. We measure effectiveness offline via Kullback-
Leibler (KL) Divergence between per-format score distributions:
post-launch, KL shrinks across all reply/quote/media-type buck-
ets, confirming the bias was reduced rather than just hidden by a
different score scale.

4.1.3 Conversation Demotion. The score distributions of conver-
sations are the unions of the scores of multiple posts. They will
naturally drift higher and exhibit higher variance than the score
distributions of standalone posts, and this remains true even after
debiasing Time Spent and Like signals. To rebalance the distribu-
tion, we apply a multiplicative demotion to the ranking scores of
conversations in both the ESR and LSR stages. The specific penalty
is empirically determined.

4.1.4 CIF-specific signals. Conversations exhibit diverse and some-
times contrasting signal distributions across the chain:
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(1) The user might Block the parent author while Liking the
reply. This occurs on "dunk" replies that criticize a contro-
versial parent post; the viewer may dislike the parent post
but find the overall exchange entertaining.

(2) Some replies may have low engagement rates, but drastically
increase the likelihood of engagement on their parent posts.
For example, replies that are "meta-commentary" (e.g. "I
broke my knee running to the comments") have low reply-
specific engagement rates but get significant distribution
because of a high likelihood they get the viewer to tap into
the parent post’s comments page.

Simply taking the union of parent and reply signals does not
give us the flexibility needed to model these engagement combi-
nations. We selectively add "CIF-specific" signals that only include
the engagement where the engagement dynamics necessitate us to
fork. As an example, for "meta-commentary" replies, we include
a p(Parent Post Tap) signal with negative weight to discount the
oversized impact of the parent post tap likelihood.

4.1.5 Defining Conversations features. The choice of keying con-
versations on the replies requires us to extend each reply’s feature
representation to capture context from the entire conversation
chain. We do so along two complementary modalities — a user
engagement sequence features and a set of sparse, root post keyed
features — designed to give the ranking model both broad long-
range signal and deep recent context.

In this work, each conversation is represented by fusing two
complementary modalities, helping the model learn the value of
the full conversation rather than the reply itself. The first is a
long user-engagement sequence that logs events across all surfaces
on which reply engagement occurs — Feed and Comment Sheet
Surface (The surface that shows all replies after users tap into a
post), and Profile page — and across both Threads and Instagram.
This modality provides high-resolution recent context, capturing
behavioral patterns conversations depend on, such as how the
viewer previously interacted with the root post or with sibling
replies in the same conversation tree. The second modality is a set
of sparse, root post keyed features that summarize 60+ days of user
history — counter aggregates rolled up across the full reply chain
(e.g., the viewer’s prior engagement with sibling replies sharing
the same root post, and with root posts whose replies they have
previously engaged with). The two views are jointly consumed by
the ranking model through a shared user–item cross-tensor: each
modality reads from and writes into this tensor, enabling sparse
conversation features to serve as queries against the long sequence
and vice versa, so that local high-resolution context and long-range
root post keyed history can attend to one another rather than being
processed in isolation.

4.2 Conversation Inventory Management
Millions of posts are created on Threads each day. Our inventory-
management system determines which posts become eligible for
distribution in Feed by advancing them through a sequence of
"pools", which means sets of candidate media qualified to be rec-
ommended. For example, a Cold Start pool admits newly created
content that has passed integrity and eligibility filters; High Qual-
ity pools hold content that has accrued hundreds of impressions;

and a Breaking pool captures posts that have reached thousands
of impressions with strong engagement. Formally, the system can
be viewed as a directed acyclic graph of quality pools with impres-
sion targets: once a candidate reaches its target, engagement-based
evaluation criteria determine whether it is promoted or retired.

4.2.1 Standalone Reply Pools. Replies exhibit different character-
istics from top-level posts, warranting a dedicated pool hierarchy.
Most notably, reply impression targets incorporate views from both
Feed and Comment Sheet Surface. Any impressions a reply receives
on the comment sheet surface count toward its impression target;
likewise, the promotion evaluation criteria aggregate engagement
signals from both surfaces. Including reply data yields substantially
more signal for assessing reply quality, effectively easing the cold-
start problem for CIF: by the time a reply is considered for Feed
distribution, engagement signals already exist on both the reply’s
parent post and the reply’s own performance.

4.2.2 LLM-Based Pool Quality Filters. Engagement alone is an in-
sufficient quality signal for replies: demeaning, inflammatory, or
polarizing replies may attract engagement yet degrade the content
ecosystem over time. This risk is amplified in CIF, where replies
are surfaced alongside their parent posts and must be appropriately
contextualized. To address this, we fine-tuned an LLM classifier to
score replies along multiple quality dimensions including humor,
informativeness, and whether the reply is demeaning toward the
parent post’s author. Replies labeled as demeaning are removed
from the inventory pools and become ineligible for any Feed distri-
bution, while the remaining quality signals are used to monitor the
healthiness of reply pools. Top-level posts are subject to analogous
LLM-based filtering; however, to the best of our knowledge, CIF is
the first system in which the full conversation chain is provided as
context to the classifier, rather than evaluating each post in isola-
tion. This design captures context-dependent toxicity. For example,
a reply that appears benign alone but is demeaning when read in
the context of its parent post.

4.3 Group ID Mechanism
Across sessions, users frequently see multiple replies whose root
post they have already viewed (∼7% of replies in feed are directed
to previously seen root posts). To mitigate this cross-session “bump-
ing”, we apply a Group Counter demotion at final Relevancy scores.
Group Counter (GC) is defined based on a single new sparse fea-
ture: Group ID. Group ID is the identifier of the root post of a reply.
Replies that share the same root post belong to the same group.

Storage and lookup.Wematerialize a server-sidemapping from
post_id → group_id in a table keyed by post ID. The table is up-
dated when a new reply is created; lookup latency at retrieval/ESR
is low single-digit milliseconds.

Use in the system. Group ID is consumed (i) by the Group-
Counter demotion logic on top of relevancy scores to prevent cross
session “bumping”; (ii) as a sparse feature input to the LSR MTML
model, where it allows themodel to reason about which other media
in the same conversation tree the viewer has seen; (iii) diversity
controls to prevent repeated exposure to the same conversation
thread by progressively demoting replies with the same Group ID
in the same session.
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Figure 5: An example of reply bumping — seeing the same
top-level post multiple times due to a reply.

For each candidate 𝑐𝑘 at session 𝑡 , we compute GC, the number
of media items with the same Group ID (i.e., sharing the same root
post) that the viewer has previously seen. When GC ≥ 1 we apply
a global score demotion using a complementary quadratic decay:

𝑉dedup (𝑢, 𝑐𝑘 ) =𝑉 (𝑢, 𝑐𝑘 ) ·
(︁
1/(𝑘+1)

)︁2
, (2)

where 𝑘 is the 0-indexed position of 𝑐𝑘 within its conversation
group. Rollout impact is reported in Section 5.

5 Results
All results are from online A/B tests on live Threads traffic using
Sessions, Time Spent and Impressions.

5.1 End-to-End Deletion Test
We maintained a long-term deletion test in which we disabled all
CIFs. The deletion test degrades sessions −7.21%, overall impres-
sions −7.05%, time spent −5.44% (listed in Table 1). The empirical
basis for our investment in end-to-end conversations recommenda-
tions.

Table 1: Overall. All deltas are No CIFs vs. Production

Component Sessions Impr. Time Spent

Overall −7.21% −7.05% −5.44%

5.2 Per-Component Impact
5.2.1 Feature & Model Improvements.

Offline evaluation via Normalized Entropy (NE).. We measure the
impact of conversations features and model improvements (§4.1.5)
with Normalized Entropy [5] on every MTML head independently.
For a binary task with label 𝑦𝑖 ∈ {0, 1}, predicted probability 𝑝𝑖 ,
and empirical positive rate 𝑝 = 1

𝑁

∑︁
𝑖 𝑦𝑖 over 𝑁 examples, NE is the

binary cross-entropy of the model normalized by the entropy of

the constant-𝑝 predictor:

NE =
− 1

𝑁

∑︁𝑁
𝑖=1

[︁
𝑦𝑖 log 𝑝𝑖 + (1 − 𝑦𝑖 ) log(1 − 𝑝𝑖 )

]︁
−
[︁
𝑝 log 𝑝 + (1 − 𝑝) log(1 − 𝑝)

]︁ . (3)

NE is invariant to the marginal label rate, making it directly compa-
rable across heterogeneous heads (e.g., 𝑝 (Time Spent) vs. 𝑝 (Like))
and across data slices with different positive rates; lower NE indi-
cates a better-calibrated model. Stacking the sequence features and
the conversation-specific sparse features described above yields a
1–2% NE improvement across the LSR MTML tasks (skip, time spent,
like, reply, etc.), confirming that the sequence and sparse modali-
ties supply complementary, non-redundant signal for conversation
ranking.

Online Evaluation. We also evaluated through A/B tests on con-
versations features.

Table 2: Online results for Conversations Features. All deltas
are A/B pretest vs. control

Component Sessions Impr. Time Spent

Conversations Features (§4.1.5) +2.8% +4.2% +2.5%

5.2.2 LLM-BasedQuality Filters. The demeaning-reply classifier
(§4.2.2) operates as a batch filter at the inventory stage, removing
flagged replies before they enter the retrieval candidate pool. The
filter is engagement-neutral by design — it targets content that at-
tracts engagement despite degrading the ecosystem — and achieves
its intended effect on content quality with no statistically significant
regression in engagement metrics. Approximately 17% of replies
are classified as "demeaning" by the LLM. The impact of inventory
managements can not be measured independently, and are reflected
in the deletion test together with other improvements in Table 1.
The Demeaning Reply filter is provided by Llama Model and fined
tuned using Gemini 2.5. We evaluated the model performance on a
human labeled golden set.

Table 3: LLM based Classifier: Demeaning Reply

Signal Precision Recall

Demeaning (§4.2.2) 70.4% 46.3%

5.2.3 Signal Debiasing. Before debiasing, CIF candidates traversed
the ranking funnel at disproportionately high rates relative to top-
level posts, resulting in a sub-optimal allocation for conversation
recommendations. We therefore apply incremental-value debiasing
to the time-spent family of signals and evaluate the intervention
through online A/B testing. The aggregated effects are reported in
Table 4.

Table 4: Signal Debiasing. All deltas are A/B pretest vs. control

Component Sessions Impr. Time Spent

Signal Debiasing (§4.1.2) +1.79% +1.86% +4.06%
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5.2.4 Cross-Session Redundancy Reduction. Prior to the Group ID
mechanism,∼7% of conversation impressions involved a parent post
the viewer had previously seen — users were repeatedly shown the
same top-level post with different replies across sessions. The Group
Counter demotion (§4.3) reduced this previously seen impression rate
(PSIR) by−58%. Engagementmetrics improved alongside the quality
improvement, confirming that the redundancy was displacing novel
content rather than serving a useful reinforcement function. The
online A/B test results are listed in Table 5.

Table 5: Group ID mechanism. All deltas are A/B pretest vs.
control

Component Sessions Impr. Time Spent

Group ID Mechanism (§4.3) +0.37% +1.14% +0.53%

6 Conclusion
Conversations in Feed (CIF) is the production reply-recommendation
system at Threads. Its core engineering thesis — that replies are not
posts, and that ranking, retrieval, modeling, and inventory man-
agement must each carry reply-specific structure — is supported
by both a long-term holdout (sessions −7.21%, Time Spent −5.44%
when replies are removed) and per-component A/B launches in
2025. The components — LLM-gated inventory management with
agentic offline evaluation, dedicated reply retrieval, incrementality-
based debiasing combined with reply-specific Value-Model weights
and Group-Counter cross-session demotion, and the Group ID mod-
eling feature — are jointly necessary. Open directions include (i)
automated bias-feature detection beyond implicit signals, (ii) per-
sonalization of reply Value-Model weights.
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