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The remarkable success of large language models (LLMs) has provided important inspiration for the
next generation of recommender systems. Structurally, recommendation and language generation share
a similarity: both aim to produce an ordered sequence that optimizes the user’s experience. However,
how to precisely absorb the essence of the LLM paradigm into mature industrial recommender systems
remains an open problem.

There are two challenges. First, it is unclear how to incorporate the LLM paradigm — sequence-level
generation and optimization — into recommendation. Second, real-world recommender systems are
mature systems that have been iteratively customized for years around specific products, business
constraints, serving infrastructure, and organizational ownership. Replacing such systems wholesale is
often technically risky and organizationally disruptive.

In this paper, we propose LIGE-GR, a listwise generation and evaluation recommendation framework
that upgrades from a traditional ranking system (itemwise recommendation) toward a generative
recommendation paradigm. Instead of rebuilding the entire recommendation stack from scratch,
LIGE-GR generalizes the existing pointwise recommendation system into a listwise generation system.
This allows mature recommender systems to benefit from listwise optimization while preserving
compatibility with existing models, value functions, and serving infrastructure.

We validate LIGE-GR in short-video recommendation on Instagram Reels and Facebook Video. On
these recommendation surfaces, LIGE-GR improves time spent by 1.14% on Instagram Reels and 0.72%
on Facebook Video, while requiring only modest additional inference resources.

Correspondence: Ji Liu at madisonliu@meta.com; ⋆ equal contribution.

1 Introduction

Modern recommender systems return an ordered list of content items for each user request, which are then
sequentially exposed to the user. This formulation spans short-video and feed recommendation. Despite
their sophistication, many industrial recommender systems are still fundamentally built around itemwise
optimization. A ranking model predicts user engagement signals for each candidate item independently, and a
prespecified value model (function) maps these predicted signals into a scalar score. Items are then sorted by
their individual scores to form a recommendation list. Additional product constraints, such as diversity or
integrity adjustments, are usually introduced through heuristic or rule-based score modifications. This is the
general framework that state-of-the-art products employ today. Although this paradigm has been successful,
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Figure 1 Itemwise vs. listwise optimization. Given the user’s interest history, itemwise optimization independently
scores candidates and returns the top ones, whereas listwise optimization returns the best combination.

it has a fundamental limitation: it scores each item independently rather than evaluating the recommendation
sequence jointly.

In contrast, LLMs fundamentally address the same problem – generating the best sequence conditioned on a
user’s request—but follow a completely different technical paradigm. Rather than independently selecting the
best token at each position, an LLM generates each token conditioned on the previously generated context,
with the quality of the final output determined by the sequence as a whole. This contrast exposes the gap in
paradigm we address between traditional itemwise and generative listwise recommendation:

Itemwise (Independent Optimization) vs. Listwise (Joint Optimization)

As Figure 1 illustrates, itemwise recommendation scores items independently, whereas listwise recommendation
evaluates them as a sequence. Realizing this sequential optimization requires three capabilities: predicting
each candidate’s value in the context of items already selected, evaluating the sequence as a whole, and
searching for a feasible sequence under product and latency constraints.

Motivated by the success of LLMs, a recent trend explores achieving these capabilities by rebuilding the
recommender from scratch as a fully generative system, e.g., in Deng et al. (2025). However, a successful
paradigm to fully leverage listwise optimization for mature industrial applications has yet to emerge, leaving
this an open problem. Specifically, attempting a wholesale replacement of an existing stack faces two additional
critical barriers:

• System challenge. Mature recommender systems encode years of model improvements, product logic,
serving optimizations, and business constraints. A replacement can be disadvantaged in early comparisons
because it must first recover much of this accumulated baseline value, therefore fair evaluation often requires
careful, extended validation. Once deeply integrated, the new system can also raise rollback and reliability
risks, because reverting may no longer mean disabling an isolated component.

• Organization challenge. Recommendation, advertising, and search teams are typically organized around
existing recommender-system components, including retrieval, ranking, value modeling, serving infrastructure,
and product policy. Moving to a different paradigm can therefore disrupt not only the technical stack but
also team boundaries, ownership, and long-term planning.
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Figure 2 Itemwise versus listwise recommendation across the three components LIGE-GR upgrades. Ranking model:
a context-free ranker CF scores each item from the user alone, whereas the context-aware model CA also conditions
on the items already placed in the list (red). Objective (defined by the value model): from a sum of itemwise scores
to a listwise value over the whole sequence. Decoder: incumbent itemwise greedy selection commits to a single path
through the position-by-candidate lattice, whereas the RL-based decoder explores alternative paths and returns the
best list found.

LIGE-GR addresses both the listwise technical challenges and the replacement challenge through an additive,
revertible, and low-resource-requirement framework that generalizes the existing itemwise recommenda-
tion system. LIGE-GR preserves the structure of the mature system while adding three components: a listwise
module in the ranking model, an extension from itemwise to listwise value modeling, and an upgrade from
the incumbent itemwise greedy decoder—which selects the highest-scoring remaining candidate at each list
position—to an RL-based sequence decoder, as shown in Figure 2. LIGE-GR is thus not a replacement of
traditional recommendation but a generalization and an upgrade.

We validated LIGE-GR in short-video recommendation on Instagram Reels and Facebook Video, both against
strong, optimized baselines. On Instagram Reels, LIGE-GR increases time spent by 1.14%, while requiring
additional inference resources equivalent to roughly 10% of those used by the context-free ranking component
and increasing end-to-end per-request latency by approximately 7% relative to the incumbent baseline. On
Facebook Video, LIGE-GR increases time spent by 0.72%.

2 LIGE-GR: the Generative Paradigm

The section introduces the proposed generative paradigm. We start with the problem definition and the
reformulation of itemwise recommendation into the listwise or generative framework, which upgrades the
existing itemwise system to the listwise system. The section ends with the introduction to the listwise
recommendation.

3



2.1 Problem Statement

For each user request, the recommender system returns an ordered list of content items:

VT = [v1, v2, . . . , vT ], vt ∈ C. (1)

Here C is the candidate set for the request, and Vt = [v1, . . . , vt] denotes the selected prefix—the partial list
after t positions, with V0 = ∅; the items in a feasible VT are distinct. In our setting, T is around 10. The
items are displayed sequentially to the user. The objective is to construct a personalized list that maximizes
user experience and product quality.

2.2 Reformulating Itemwise Recommendation into a Generative Framework

A traditional industrial recommender system is essentially an itemwise optimization system. For each candidate
item, a ranking model predicts a set of user engagement signals, such as:

plike, pfollow, pshare, pwatchtime > 10s, . . . (2)

An itemwise value model (itemVM) then combines these predicted engagement signals p into a scalar item
score. A typical item-level value model can be written as:

itemVM(p) = w1 · plike + w2 · pfollow + w3 · pshare + · · · . (3)

The system then selects the top T items according to their item-level VM scores and returns them as the final
recommendation list. In mature systems, the raw VM score is often further adjusted by diversity penalties,
integrity rules, and other product constraints. These adjustments introduce some sequence-level awareness,
but they are usually implemented as rule-based heuristics rather than learned listwise optimization. The
itemwise recommendation objective can be abstracted as:

argmax
VT

T∑
t=1

itemVM (CF(u, vt)) , (4)

where CF denotes a context-free predictor (the item-wise ranking model prediction of various user u’s
engagement signals such as plike for item vt) that scores each item independently given the user feature u and
the item feature vt. Under this objective, the optimal list consists of the top T items among the candidate set
ranked by their itemVM scores in Eq. (3).

As mentioned previously, many mature recommendation systems include an additional component—a control
layer, although its name may vary—to enforce diversity in the recommended list. Its purpose is to prevent
similar content, such as items from the same category, from appearing too close together. Popular approaches
include gap demotion rule (Gong et al., 2021; Pei et al., 2019), determinant point process (DPP) (Pan et al.,
2020; Meng et al., 2019; Wang et al., 2021a; Li et al., 2018), and hard-coded business restrictions. We denote
the additive control-layer adjustment for candidate vt given prefix Vt−1 by CL(vt | Vt−1) ∈ R ∪ {−∞}. Finite
values modify the candidate’s value-model score, while −∞ masks an infeasible candidate. The following
examples illustrate these cases.

• (hard business rule) if the category of vt and some category in Vt−1 are not allowed to appear within the
same list because of some hard restrictions, then

CL(vt | Vt−1) = −∞;

• (example gap demotion rule) if the closest item in Vt−1 to vt belonging to the same category is at position
t′ ∈ {1, · · · , t− 1}, then

CL(vt | Vt−1) = − exp(t′ − t+ 1) · constant;

• (example DPP diversity score) measure the incremental diversity of vt on the top of Vt−1

CL(vt | Vt−1) = log det(Φ⊤
t Φt)− log det(Φ⊤

t−1Φt−1),

where Φt := [ϕt, ϕt−1, · · · , ϕ1] and ϕt′ corresponds to the embedding of vt′ normalized by ∥ϕt′∥ = 1.
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Adding the control-layer term to Eq. (4) gives the overall objective:

argmax
VT

T∑
t=1

[itemVM (CF(u, vt)) + CL(vt | Vt−1)] . (5)

The incumbent itemwise system obtains the returned list with an itemwise greedy decoder over the candidate
set C:

vt = argmax
c∈C\Vt−1

itemVM (CF(u, c)) + CL(c | Vt−1), t = 1, · · · , T.

2.3 LIGE-GR: Listwise Recommendation as Generative Recommendation

LIGE-GR upgrades the itemwise recommendation system into a listwise generation system. In its basic vanilla
form, LIGE-GR targets the following sequence-level objective using contextual model predictions:

argmax
VT

T∑
t=1

[itemVM (CA(u, vt | Vt−1)) + CL(vt | Vt−1)] , (6)

where CA is a context-aware predictor that estimates the engagement values of item vt conditioned on the
preceding items Vt−1 within the same list.

The overall upgrade from itemwise recommendation to LIGE-GR comprises three component upgrades:

• Ranking model: from a context-free predictor to a context-aware predictor.

• Value model: from an itemwise VM to a listwise VM.

• Decoder: from incumbent itemwise greedy selection to RL-based sequence decoding.

Importantly, LIGE-GR strictly generalizes the incumbent itemwise recommender. Reverting its three upgraded
components to the context-free predictor, itemwise VM+CL evaluator, and itemwise greedy decoder recovers
the incumbent system described above. The corresponding decoder settings are given in Section 3.3. This
property matters in practice. It means LIGE-GR can be introduced as a smooth upgrade to the existing
recommender system, rather than as a disruptive replacement.

This summed objective already benefits from context-aware prediction; Section 3.2 upgrades it into a true
listwise value model. In its most general form, LIGE-GR targets

argmax
VT

ListVM
(
{CA(u, vt | Vt−1)}Tt=1

)
. (7)

Here ListVM may use item metadata and includes the control-layer adjustments applied to the selected
sequence.

3 LIGE-GRDesign

The section introduces the detailed design in LIGE-GR in each upgraded component: the listwise model, the
listwise VM, the Palette decoder, and serving optimization (see Appendix 4).

3.1 ListwiseModel: Context-Aware and Context-Free Predictors

LIGE-GR upgrades the existing itemwise ranking model into a listwise model. It contains two components, as
illustrated in Figure 3:

• A context-free predictor, which corresponds to the existing item-wise ranking model’s predictions.

• A context-aware predictor, which refines predictions based on the previously selected items.
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Figure 3 The listwise model. The context-free module (left) is the itemwise model: each candidate vt is scored together
with the user features u by an interaction network and per-task heads. Its intermediate representations v′t are handed to
the lightweight context-aware module (right), which refines all per-task predictions with a four-layer causal Transformer
that attends only to preceding items. Within each module, all task heads share the same network weights, applied at
every item or position.

The context-free predictor can be written as:

(u, vt)→ yt, ∀t = 1, · · · , T,

where u represents user features, vt represents the candidate item at position t, and yt denotes predicted
engagement signals, such as like probability, follow probability, or watch-time prediction.

The logical form of the context-aware predictor is:

(u, vt | v1, v2, . . . , vt−1)→ yt, ∀t = 1, · · · , T.

That is, the prediction for item vt is conditioned not only on the user and the item itself, but also on the
previously selected sequence within the same requested list. This allows the model to capture listwise effects
such as repetition, saturation, complementarity, diversity, and user fatigue. Because the context provides
additional information, a well-designed context-aware predictor should provide more accurate predictions than
a context-free predictor.

In practice, for efficiency and maintainability, LIGE-GR does not rebuild the entire ranking model from scratch.
Instead, the context-aware predictor is implemented as a lightweight refinement module on top of the existing
context-free model leveraging a GPT-style decoder-only causal transformer. Specifically, let v′t denote an
intermediate representation produced by the context-free model for item vt. The context-aware module takes
the sequence of intermediate representations as input (similar to token embeddings in the LLM):

(v′t | v′1, v′2, . . . , v′t−1)→ yt, ∀t = 1, · · · , T.

This design has two practical advantages:

• In the evaluated Instagram Reels configuration, the additional model remains lightweight, requiring
additional inference resources equivalent to roughly 10% of those used by the CF component.
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• The original context-free model is fully preserved, which allows the system to reuse existing training and
serving infrastructure with minimal disruption.

In our implementation, the context-aware module uses a lightweight causal GPT-like decoder-only transformer
with four heads and four layers. The architecture itself is not the primary focus of this paper; future work can
further optimize model design and serving efficiency.

3.2 Listwise VM: From Itemwise Value to Listwise Value

Traditional recommender systems define value at the item level. The value model estimates the utility
generated by showing a single item to a user. However, user experience is inherently listwise. The value of an
item depends not only on the item itself, but also on its position and on the previously consumed items.

A simple listwise VM can be constructed by summing the context-aware item values across positions:

ListVMvanilla(VT ) =

T∑
t=1

[ itemVM (CA(u, vt | Vt−1)) + CL(vt | Vt−1) ] . (8)

This formulation is simple and already incorporates sequential context through the context-aware predictor.
However, it ignores a fundamental factor: not every item in the list is necessarily reached by the user. Items
at later positions should be weighted by the probability that the user continues watching until that position.

Therefore, LIGE-GR introduces a more principled listwise VM based on continuation probability. Let
pcontinue(Vt−1) denote the probability that the user continues after consuming the prefix Vt−1 and reaches
item vt. The listwise VM is defined as follows:

ListVMgolden(VT ) =

T∑
t=1

pcontinue(Vt−1) · [itemVM (CA(u, vt | Vt−1)) + CL(vt | Vt−1)] . (9)

The continuation probability can be recursively estimated as:

pcontinue(Vt) = pcontinue(Vt−1) · CAcontinue(u, vt | Vt−1),

where CAcontinue(u, vt | Vt−1) is predicted by the context-aware model and pcontinue(V ) denotes the cumulative
survival of prefix V .

This formulation (9) provides a statistically more faithful estimate of the expected value of the whole list, as
each item’s contribution is weighted by the probability that the user actually reaches it.

3.3 PaletteDecoder: An RL-Based Decoder

Next we introduce how to optimize the defined ListVMgolden objective in (9), given the context aware model
CA. It also covers optimizing the ListVMvanilla objective (8) by setting pcontinue ≡ 1.

Mathematically, this is an optimal sequential decision making problem with absorbing states. The proposed
RL-based Palette decoder (as stated in Algorithm 1) generates the output list one by one by iteratively
expanding the global subsequence set E and only keeping top-b in E .

Specifically, Palette uses ListVMgolden while constructing the recommendation list one position at a time. It
starts from V0 = ∅. At position t+1, Palette expands each retained sequence Vt separately by filling the next
position to obtain Vt+c where c ∈ C \ Vt allowed by the control layer. To avoid exponential computational
complexity, it keeps only the top-b extensions with the highest search scores. Repeating this step until t = T
avoids evaluating every possible full list.

In this process, the key is how to define “top” in expansion. In Palette we use the following evaluation
criteria. Let V+c be the target subsequence, its Q-value is calculated by

Q(V+c) = ListVMgolden(V+c) + F̂ (V+c). (10)
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Algorithm 1 Palette Decoding
Require: user context u, candidates C, beam width b, list length T , context-aware model CA and continuation

predictor CAcontinue, item value model itemVM, control layer CL, future-value estimator F̂ (e.g., Eq. (14))
1: B ← {∅ }; ListVMgolden(∅)← 0; pcontinue(∅)← 1

Notation: V ∈ B is a retained prefix; c ∈ C \ V is an unselected candidate; V+c appends c to V (Eq. (1)).
(To recover the incumbent itemwise decoding, use CF in place of CA, set CAcontinue ≡ 1, b = 1, and F̂ = 0.)

2: for t = 1, . . . , T do
3: E ← {V+c : V ∈ B, c ∈ C \ V, CL(c | V ) > −∞} ▷ admissible extensions; assume ≥ 1 per position
4: for each V+c ∈ E do
5: ListVMgolden(V+c)← ListVMgolden(V ) + pcontinue(V ) · [itemVM(CA(u, c | V )) + CL(c | V )]
6: pcontinue(V+c)← pcontinue(V ) · CAcontinue(u, c | V )

7: Q(V+c)← ListVMgolden(V+c) + F̂ (V+c)

8: B ← arg top-bV ′∈E Q(V ′) ▷ the b highest-Q admissible extensions (all of E if |E| ≤ b)
9: return argmaxV ∈B ListVMgolden(V ) ▷ F̂ (V ) = 0 for full-length lists

where ListVMgolden(V ) evaluates a subsequence V , with ListVMgolden(∅) = 0. Algorithm 1 retains the
b extensions with largest Q. The beam width b determines how many sequences are retained, while Q
determines which sequences are retained.

This construction admits a value-based RL interpretation: subsequence V is the state, next candidate c
is the action, and V+c is the successor state. The accumulated ListVMgolden(V+c) is the realized return,
while F̂ (V+c) is the estimated value-to-go from the successor state. Their sum Q(V+c) is used for action
selection. On the other hand, replacing CA with CF, using the itemwise VM+CL evaluator, and setting b = 1,
pcontinue ≡ 1, and F̂ = 0 recovers the incumbent itemwise greedy decoder.

3.3.1 Future-Value Estimation

The future value component F̂ (·) in (10) is the key differentiation between RL based generator and the
standard beam search generator which does not have such component. However, it is also different from the
standard RL based approach: Palette uses an estimate to drive a closed form estimate and the standard RL
based approach acquires a model to estimate it.

The remaining design question is how to estimate F̂ (Vt) cheaply enough for serving. We derive a lightweight
F̂ from quantities already available during decoding. Richer alternatives, such as a learned value model or a
deeper planner based on Monte Carlo tree search, would require training an additional model or performing
repeated model evaluations; we leave them to future work.

Step-based estimate. A first approximation uses the average per-position VM+CL score observed in the
selected prefix before continuation weighting. Define

s̄(Vt) =
1

t

t∑
τ=1

[itemVM(CA(u, vi | Vτ−1)) + CL(vτ | Vτ−1)] . (11)

Assume each remaining step has the same continuation probability as the most recently selected item,
CAcontinue(u, vt | Vt−1). Then the probability of reaching the j-th future position is approximated by
CAcontinue(u, vt | Vt−1)

j , giving

F̂step(Vt) = s̄(Vt) ·
T−t∑
j=1

CAcontinue(u, vt | Vt−1)
j , (12)

which is zero at t = T because the sum is empty.
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This step-based estimate biases search toward shorter current items. CAcontinue(u, vt | Vt−1) is the probability
of continuing after the entire item vt; for the same per-second exit propensity, a longer vt has a lower
continuation probability. Reusing this whole-item probability at every future step compounds the current
item’s duration across all unfilled positions, reducing F̂step(Vt) and making prefixes ending in long items less
likely to survive beam pruning.

Duration-aware estimate. To mitigate this repeated-duration bias, rescale the most recent continuation
probability to the average duration of the selected items:

CAcontinue(u, vt | Vt−1)
d̄/dt . (13)

Here dt is the duration of the most recently selected item, D(Vt) is the total duration of the t selected items,
and d̄ = D(Vt)/t is their average duration. The exponent d̄/dt rescales the whole-item continuation probability
from duration dt to duration d̄. Using this rescaled probability for each future position gives

F̂dur(Vt) = s̄(Vt) ·
T−t∑
j=1

CAcontinue(u, vt | Vt−1)
jd̄/dt , (14)

which is again zero at t = T , where the sum is empty. The duration-aware treatment keeps the score in value
units while replacing the most recent item’s full duration with the prefix-average duration. It therefore reduces
the step estimator’s preference for prefixes ending in shorter items while retaining the continuation signal. We
refer to the resulting decode-time evaluator, ListVMgolden + F̂dur, as the duration-aware listwise VM.

Palette completes the LIGE-GR pipeline: the context-aware model predicts candidate outcomes, ListVMgolden
defines the value of an ordered list, and Palette searches for the sequence returned to the user. Section 5
evaluates the resulting end-to-end system and the contribution of its decoding configurations.

4 Serving and Efficiency Optimization for LIGE-GR

This section describes how to serve LIGE-GR and the optimizations to its additional requirements for inference
resources.

4.1 Serving for Decoding

LIGE-GR augments the existing ranking service rather than introducing a parallel serving stack. Its request
path consists of two phases (Algorithm 2):

• Context-free embedding computation. This phase is identical to the conventional itemwise ranking
pipeline. The CF module computes the intermediate representation v′ (encoding both user and item
information, as illustrated in Figure 3) for every candidate independently of the output list. Since this
computation is already performed by the existing ranking system, this phase introduces no additional
inference-resource requirements.

• Context-aware decoding. The decoder then constructs the output list autoregressively. At each position
t, the context-aware module re-scores the candidate set conditioned on the previously selected prefix.

The additional inference-resource requirements are modest because the expensive computation is performed
only once per request. Specifically, the context-aware decoder reuses the cached representations v′ produced
by the context-free module, which dominates the computation of the original ranking model. Moreover,
the context-aware module is intentionally lightweight: it is implemented as the four-head, four-layer causal
GPT-style decoder shown in Figure 3, representing only a tiny fraction of the computation of the base ranking
model. Consequently, each decoding step requires only a lightweight forward pass over cached representations
rather than re-running the full ranking model. Overall, listwise generation performs T batched lightweight
decoding passes per request. Increasing the beam width b enlarges the decoding batch rather than increasing
the number of sequential forward passes, while the gains from wider beams quickly saturate (Appendix A).
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Algorithm 2 LIGE-GR serving request path
Require: user context u, candidates C, beam width b, list length T , per-request latency budget τ , and the

inputs of Algorithm 1 (CA, CAcontinue, itemVM, CL, F̂ )
1: compute and cache CF(u, c) and its intermediate representation v′c, ∀c ∈ C ▷ Phase 1: the unchanged

forward pass
2: V ′ ← {v′c}c∈C ▷ cached once per request; no candidate re-encoding during decoding
3: V ← Palette(u, C, b, T ; CA,CAcontinue, itemVM,CL, F̂ ) ▷ Phase 2 = Algorithm 1: T batched module

invocations, each evaluating up to b beam prefixes over V ′

4: if Phase 2 exceeds τ ms or any CA call fails then
5: return Palette(u, C, 1, T ; CF, 1, itemVM,CL, 0) ▷ per-request fallback: the itemwise decoder; reuses

the cached CF scores, no CA calls
6: return V

4.2 Reliability and Reversibility

Reliability and continued iteration matter when upgrading an existing system. The LIGE-GR framework
supports configuration-level reversion without retraining:

• Switch CA predictions to CF; no retraining is required.

• Recover the incumbent itemwise decoder by setting b = 1, pcontinue ≡ 1, and F̂ = 0 in Algorithm 1.

The preserved context-free path makes LIGE-GR reversible at every granularity.

Per request, if the decoding phase cannot complete within the request’s latency budget τ (Algorithm 2),
the system automatically falls back to the itemwise behavior for that request. Globally, reverting to the
baseline configuration is a switch rather than a migration: disabling the context-aware path—and with it the
listwise VM and beam search, which are built on its predictions—recovers the itemwise system exactly, by the
strict-generalization property of Section 2. The same additivity also decouples iteration: the context-aware
module can be updated independently of the base model, without touching the base model’s training or
publishing flow.

4.3 Efficiency Optimization

Section 4.1 explained why the architecture is resource-efficient by design: the forward pass is reused, and
each decode step is a small forward pass over cached representations. This section describes the serving-side
optimizations that control the remaining resource requirements—listwise construction over a full candidate
set at serving traffic would still add unnecessary computation—and reports the measured requirements of the
configuration.

Restricting the re-scoring pool. The context-aware path does not need to re-score the full candidate set. The
context-free scores from the first serving phase are already a high-quality itemwise ranking, and candidates
ranked far beyond the list length have low selection probability, so only the top-ranked candidates—roughly a
third of the set—are passed to the context-aware module for listwise construction. This bounds the overhead of
the second phase regardless of the decoding configuration: in serving benchmarks across two GPU generations,
the trimmed pool raises the context-aware path’s throughput by roughly 60–80% relative to re-scoring the full
set, and the online improvements of Section 5 are obtained under the trimmed pool. The context-free ranking
thus acts as a learned pre-filter for the listwise stage—another way the preserved itemwise system contributes
to the listwise stage.

Batching the beam. At each decode step, all beam continuations are evaluated in one batched forward pass of
the lightweight context-aware module. At the same candidate-pool size and traffic, b = 6 requires roughly
2.1× the inference resources of b = 1, giving a derived estimate of approximately 20% of the CF component’s
resources.

Right-sizing generation. The remaining knobs match compute to where quality still improves. Beam width
is set at the saturation knee of the offline gain curve (Figure 5): beyond small widths, additional beams
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Table 1 Relative NE improvement of the context-aware predictor (CA) against the context-free baseline (CF). Positive
values indicate lower (better) NE. Instagram Reels values are accumulated over one online-training run; Facebook
Video values come from its context-aware-versus-context-free evaluation. ‘—’ marks a task not tracked.

Task family Instagram Reels Facebook Video

Continue 1.57% —
Skip 0.74% 0.46%
Like 0.29% 0.46%
Comment 0.21% 1.59%
Share 0.30% 1.25%
Watch completion 0.43% 0.55%

provide little score improvement while still requiring more inference resources. In one evaluation setting,
the decoder also generates only as many positions as the response actually requests—response sizes vary at
serving time—rather than always decoding the maximum list length and truncating.

Across both evaluated settings, the base configuration requires additional inference resources equivalent to
roughly 10% of those used by the CF component. On Instagram Reels, the evaluated upgrade increases
end-to-end per-request latency by roughly 7% relative to its baseline. On Facebook Video, it increases average
serving latency by about 2.2% relative to its baseline. The latency definitions and baselines differ across the
two settings, so the magnitudes are not directly comparable. These measured resource and latency changes
accompany the online improvements reported in Section 5.

5 Experimental Results

This section evaluates LIGE-GR in short-video recommendation settings on Instagram Reels and Facebook
Video. Section 5.1 compares context-aware prediction (CA) with the context-free baseline (CF) using normalized
entropy (NE) (Liu et al., 2023a). Sections 5.2 and 5.3 report online results for the b = 1 base configuration
against the corresponding incumbent systems and for the b = 6 duration-aware configuration against the b = 1
base configuration, respectively. Section 5.4 provides additional content-ecosystem analysis. In the evaluated
settings, the candidate-pool size |C| is on the order of 102, while the output-list length T is on the order of 10
(Eq. (1)).

5.1 Context-Aware vs. Context-Free Prediction

Before evaluating end-to-end ranking outcomes, we isolate the effect of contextualization on prediction quality.
Table 1 compares CA with CF; positive values indicate that CA achieves lower (better) NE. On Instagram
Reels, CA improves all six displayed task families, led by Continue (1.57%). On Facebook Video, it improves
all five task families shown. Beyond this displayed subset, the complete 17-task Facebook Video evaluation
shows prediction-quality improvements on 15 tasks and regressions of at most 0.07% on two minor tasks.
These results establish the prediction-quality benefit of CA; Sections 5.2 and 5.3 next evaluate whether that
benefit translates into online ranking outcomes.

5.2 Online Validation: b = 1Base Configuration

We first test whether the prediction-quality gains above translate into online gains when LIGE-GR is integrated
into the ranking system. The base configuration is

Model Objective Decoder
CA ListVMvanilla b = 1, F̂ = 0

where ListVMvanilla is defined in Eq. (8). Each product is evaluated against its own actively optimized
incumbent baseline.
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Table 2 Online A/B results for the b = 1 base configuration in Eq. (8), each against the corresponding incumbent
recommendation baseline. Sessions and DAU reflect overall product activity; the remaining metrics are restricted to
the evaluated short-video surface. The Instagram Reels entry in the Likes / reactions row is likes; the Facebook Video
counterpart is reactions. † denotes p < 0.001.

Metric Instagram Reels Facebook Video

Sessions +0.11%† +0.07%
DAU +0.05%† +0.01%
Time spent +1.14%† +0.72%†

Video views (VPVs) +2.28%† −0.52%†

Likes / reactions +2.65%† +1.59%†

Reshares +1.77%† +0.99%

Table 3 Online Instagram Reels A/B contrasts against the b = 1 base configuration used in Table 2. All configurations
use CA, and each treatment row is compared independently with that base configuration; ‘—’ marks the reference row.
† denotes p < 0.001.

Objective Decoder Time spent Video views Likes Reshares

ListVMvanilla b = 1, F̂ = 0 — — — —
ListVMvanilla b = 6, F̂ = 0 +0.05% +0.00% +0.74%† +1.21%†

ListVMgolden b = 6, F̂ = F̂dur +0.69%† +1.82%† +2.93%† +1.41%†

For Instagram Reels, the treatment and baseline groups each included 1.5% of users. For Facebook Video,
the treatment group included approximately 2% of users and was compared with a similarly sized control
group. Table 2 reports seven-day readouts for both products. Across both evaluations, LIGE-GR broadly
improves key consumption and engagement metrics, with the individual movements and tradeoffs reported in
the table. Across both settings, the base configuration requires additional inference resources equivalent to
roughly 10% of those used by the CF component. In the Instagram Reels evaluation, end-to-end per-request
latency increases by roughly 7% relative to its baseline. In the Facebook Video evaluation, average serving
latency increases by about 2.2% relative to its baseline. Because the latency definitions and baselines differ,
these measurements are not directly comparable. Appendix 4 provides serving and efficiency details.

These results establish online gains for the b = 1 base configuration. We next ask whether richer decoding
adds value beyond this configuration, first by widening the beam and then by enabling the combined listwise,
duration-aware configuration.

5.3 InstagramReels Online Validation: b = 6Duration-Aware Configuration

We evaluate this next step on Instagram Reels, using the b = 1 base configuration from Section 5.2 as the
common baseline. The duration-aware configuration uses

Model Objective Decoder
CA ListVMgolden b = 6, F̂ = F̂dur

Here ListVMgolden and F̂dur are defined in Eqs. (9) and (14), respectively. We compare three configurations
with identical weights inside itemVM. The baseline uses b = 1, ListVMvanilla, and F̂ = 0. The beam-width arm
increases b from 1 to 6 while keeping the objective and future-value estimate unchanged. The duration-aware
arm uses b = 6 with ListVMgolden and F̂dur. Appendix A motivates the choice of b = 6.

Each b = 6 treatment group included approximately 3% of users and was compared with a similarly sized
b = 1 control group. Table 3 reports independent seven-day A/B contrasts of each b = 6 treatment against
the Instagram Reels b = 1 base configuration used in Table 2. The beam-width arm primarily improves likes
and reshares, while the duration-aware arm improves all four reported metrics. At the same candidate-pool
size and traffic, the b = 6 configuration is estimated to require additional inference resources equivalent to
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Table 4 Instagram Reels paired-request list-composition changes relative to the baseline. Topic ranges span the
taxonomies analyzed; green marks diagnostic improvements and red marks the freshness regression.

Dimension Metric Change Interpretation

Topic mix Topic entropy +1.14% to +2.37% more topic variety
Topic mix Distinct topic clusters +1.34% to +2.40% broader topic coverage
Repetition Longest same-topic streak -4.03% to -4.74% shorter repeated-topic runs
Local similarity Adjacent-video cosine similarity -3.68% less adjacent similarity
Creator mix Distinct creators +0.66% more creators per request
Creator mix Same-creator concentration -2.98% less creator concentration
Creator mix Creator entropy +0.54% more balanced creator mix
Creator size Large-creator prevalence -1.15% shift away from largest creators
Creator size Medium-creator prevalence +0.38% shift toward medium creators
Exploration Familiar-creator content -6.23% more exposure beyond familiar creators
Exploration Interest-matched-topic content -1.65% more exploration beyond known interests
Length mix Within-request length entropy +0.86% more length variety
Freshness Videos under 72 hours old -0.66% fewer very-fresh videos

approximately 20% of those used by the CF component. A comparable end-to-end latency estimate is not
available for b = 6; Appendix 4 provides details.

5.4 Impact on the Ecosystem

Beyond online outcomes, we examine how LIGE-GR in the setting of Section 5.2 changes the ecosystem on
Instagram Reels. Table 4 summarizes paired-request diagnostics across topics, creators, exploration, length,
and freshness. The overall observation is LIGE-GR improves the product ecosystem from multiple dimensions
with minor regression on content freshness.

Methodology. To understand how LIGE-GR changes generated lists, we use counterfactual logging that records
both the baseline pointwise list and the LIGE-GR context-aware list for the same request over identical inputs.
We analyze 13,197 paired requests from 7,110 known logged users. 1,498 of these requests lacked logged viewer
IDs and are conservatively counted as one user each, giving 8,608 effective users. These data cover a three-day
window and are sampled at the request level within an experiment cohort, which skews the sample toward
more-active viewers. Table 4 in the main text summarizes the resulting composition shifts. All reported
effects are assessed to be statistically significant at the 95% level via separate Bayesian hierarchical linear
models for each estimate that account for multiple requests by the same user. We report effect sizes as relative
changes compared to the baseline and interpret the main tradeoffs below.

Diversity and repetition. Table 4 shows that LIGE-GR increases topic variety and topic coverage while reducing
repeated-topic runs. Adjacent videos also become less similar to one another on average, improving list-level
variety while introducing a smoothness–diversity tradeoff that is invisible in purely pointwise evaluation.

Creator mix and exploration. The generated lists include more distinct creators, lower same-creator concen-
tration, and higher creator entropy. They also shift away from the largest creators and from content already
familiar to the user or tightly matched to known interests. We interpret these movements as an exploration
tradeoff rather than an unqualified win: LIGE-GR exposes a broader set of creators and topics, while giving up
some immediate affinity matching.

Length and freshness. Within-request length entropy increases, so users see a wider variety of video lengths
within the same request. The fraction of very fresh videos decreases, matching the online recency guardrail
movement; we therefore treat freshness as the table’s composition regression rather than as a quality
improvement.

Together, Figure 4 and Table 4 show that LIGE-GR changes ecosystem exposure across topics, creators,
familiarity, length, and freshness. These diagnostics characterize how generated lists redistribute exposure
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Figure 4 A representative paired request from the Instagram Reels evaluation’s counterfactual logs: the baseline list
(top) and the LIGE-GR list (bottom) generated from identical inputs, with each item’s destination or origin position
annotated. Video thumbnails are AI-generated stand-in images matching each item’s topic (one per unique video);
topic, duration, age, and movement annotations are from the logged request. LIGE-GR preserves every baseline topic
while introducing a new one (Sports), moves the 27.5-second video from position 2 to position 4, demotes the 70-day-old
video to the final position, and removes one of the two Internet Culture items.

across the content and creators represented in those lists, while the online experiments above measure the
corresponding product impact.

6 RelatedWork

We review the related work in this section from four aspects: itemwise recommendation, traditional listwise
recommendation, generative and autoregressive slate optimization, and LLM-inspired generative recommen-
dation. The difference from prior work is that this paper addresses recommendation from an upgrade-path
perspective. Instead of focusing on improving a single model or algorithm, it studies how to upgrade a
mature itemwise recommendation system—refined through years of iteration—into an LLM-inspired generative
recommendation paradigm. The emphasis is not only on enabling richer listwise optimization, but also on
providing a practical migration path that minimizes disruption to existing infrastructure, product logic, and
engineering investment.

Itemwise Recommendation. Early work on recommendation primarily follows a simple yet effective
itemwise paradigm (Wang et al., 2021b, 2017; Cheng et al., 2016; Zhou et al., 2018; Ma et al., 2018; Rendle,
2010; Ning and Slim; Sarwar et al., 2001; Guo et al., 2017). Item and user features are first compressed by
feature encoders (Wang et al., 2021b), and items are then ranked independently by their relevance to the
user. Research along this line explores better feature modeling, user–item relevance scoring, and multi-task
learning. A parallel line applies sequence modeling to user interaction histories while still scoring each
candidate independently, through self-attention (Kang and McAuley, 2018; Sun et al., 2019), recurrent (Hidasi
et al., 2016) and convolutional (Tang and Wang, 2018) encoders, target-aware attention (Zhou et al., 2018;
Xia et al., 2023), memory-based modeling of lifelong behavior (Pi et al., 2019), and industrial sequential
transduction (Zhai et al., 2024). LIGE-GR instead conditions each candidate prediction on the items already
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selected for the current list.

Traditional Listwise Recommendation. Listwise Recommendation was introduced to address the above
problem (Cao et al., 2007; Ai et al., 2019), while a large body of work introduces cross-item modeling at a
dedicated reranking stage. DLCM (Ai et al., 2018) encodes ranking context with a GRU to refine scores;
PRM (Pei et al., 2019) and SetRank (Pang et al., 2020) apply bidirectional self-attention over the candidate
set to capture mutual influence in a single pass; PEAR (Li et al., 2022) adds personalized contextualized
transformers; MIR (Xi et al., 2022) jointly models set-level candidates and user history; and PIER (Shi et al.,
2023) selects among candidate permutations end-to-end. A prominent instantiation is the “generator–evaluator”
(G–E) framework, which pairs a list generator with a list evaluator that scores the quality of a generated
sequence (Wang et al., 2019; Feng et al., 2021b,a; Ren et al., 2024). The evaluator guides the generator so that
together they produce a high-quality list in terms of relevance or engagement. NAR4Rec (Ren et al., 2024) in
particular constructs multiple slates and selects the best via a learned slatewise evaluator. Score-refinement
methods form the final slate by sorting contextualized scores, whereas generator–evaluator methods generate
candidate slates and select among them. Both families are typically introduced through dedicated reranking
machinery on top of the existing system. LIGE-GR delivers the G–E benefits inside the existing ranking
stage, without adding a dedicated reranking stage. Within this framing, LIGE-GR interleaves generation
and evaluation: it scores partial lists and prunes low-valued prefixes before completion. This contrasts with
generate-then-evaluate variants that evaluate completed candidate slates.

Generative and Autoregressive Slate Construction. Rather than re-sorting scores, another family
directly generates the slate. List-CVAE (Jiang et al., 2018) uses a conditional variational auto-encoder
to generate stochastic lists, and pivot-CVAE (Liu et al., 2021) improves it to guarantee list variation and
mitigate over-concentration. GFN4Rec (Liu et al., 2023b) adapts GFlowNet (Bengio et al., 2021) to sample
sequences with probability proportional to the listwise reward. A closely related thread constructs the slate
autoregressively. Seq2Slate (Bello et al., 2018) selects items one at a time with an RNN encoder–decoder,
compressing prior context into a fixed-size hidden state. SlateQ (Ie et al., 2019) decomposes the combinatorial
slate reward into per-item Q-values under a user choice model, but does not model inter-item interactions
during construction. GFN4Rec (Liu et al., 2023b) also decodes autoregressively but without direct attention
over previously selected items. More recent work accelerates or reshapes this decoding. GReF (Lin et al.,
2025) uses ordered multi-token prediction and replaces the evaluator with preference-based training, and
HiGR (Pang et al., 2025) adds hierarchical planning with multi-objective preference alignment. Alternative
generative paradigms avoid sequential decoding entirely. Tomasi et al. (2025) cast slate construction as parallel
denoising diffusion, which removes sequential latency but cannot enforce per-step constraints. LIGE-GR also
adopts the autoregressive formulation, but unlike Seq2Slate’s fixed hidden state or GFN4Rec’s attention-free
decoding, it applies full causal attention over all previously selected items within a single architecture. A
practical advantage is that LIGE-GR has an explicit objective, and generation can be controlled by changing
objective weights or VM forms.

LLM-Inspired Generative Recommendation Following the success of LLMs, the recommendation
community has increasingly adopted their techniques in ranking systems (Wu et al., 2024). One idea is
to tokenize items so that recommendation can be cast as sequence generation. At the retrieval stage,
TIGER (Rajput et al., 2023), building on the differentiable search index (Tay et al., 2022), encodes each item
into multi-modal semantic IDs and autoregressively predicts the next ID to be consumed, which is effectively
a generative retrieval paradigm. In a similar spirit, streaming VQ (Bin et al., 2025) tokenizes items with
VQ-VAE (van den Oord et al., 2017), upgrading the industrial index into a learnable, instantly updatable,
and balanced structure, while P5 (Geng et al., 2022) unifies diverse recommendation tasks under a single
text-to-text formulation. Pushing this direction further, OneRec (Deng et al., 2025) couples generative retrieval
with an Iterative Preference Alignment module and is the first approach to replace the entire recommendation
funnel with one unified model. Unlike OneRec’s wholesale replacement of the funnel, LIGE-GR reaches listwise,
LLM-style generation by upgrading the existing ranking stage in place: it captures contextual cues, makes
listwise predictions, and delivers the generator–evaluator benefits without adding a stage or replacing the
stack.
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7 Conclusion and FutureWork

In this paper, we present a practical and low-resource-requirement framework for upgrading traditional itemwise
recommendation systems toward a generative, listwise recommendation paradigm. The proposed approach
introduces a context-aware module on top of existing ranking models, upgrades the itemwise value model into a
listwise value model, and replaces conventional itemwise greedy decoding with an RL-based decoder. Through
validation on Instagram Reels and Facebook Video, we demonstrate the framework in real-world industrial
recommendation systems. A design goal of this work is to enable a smooth and incremental transition from
mature itemwise systems to listwise generative systems. Rather than requiring a disruptive replacement of
existing infrastructure, models, or organizational ownership, the proposed framework generalizes and extends
the existing recommendation stack. This makes the approach more practical for industrial environments,
where technical migration effort, system reliability, latency constraints, and cross-team ownership all matter.

This work should not be viewed as the final form of generative recommendation. Instead, it provides a
transition framework with headroom. For example, more expressive architectures may further improve the
model’s ability to capture list-level dependencies; the listwise objective can be extended to incorporate richer
list-level signals that are difficult to define in an itemwise system; more advanced decoding and reinforcement
learning methods may further improve the diversity and long-term quality of generated recommendation
lists. The current LIGE-GR framework can only handle an input candidate pool on the order of hundreds. To
achieve truly end-to-end recommendation, it will need to be integrated with technologies such as Semantic
IDs that can efficiently support much larger candidate spaces.

LIGE-GR offers additional future potential for end-to-end optimization across the full serving stack. In
latency-sensitive serving applications, with streaming inference, we can stream out individual results and serve
them to the user as they become available. We can further optimize the case of greedy search by immediately
yielding the first result before applying the CA pass, as the first result will not be affected. The complexity of
the CA pass also gives additional potential for dynamic compute complexity scaling based on varying compute
supply and demand. This work provides a foundation for future research and system development toward
more expressive, controllable, and value-aligned recommendation systems.
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Figure 5 Beam-width selection on 5,815 outlier-filtered replayed requests. Relative accumulated VM+CL score
improvement over the b = 1 reference, with pcontinue ≡ 1, F̂ = 0, and only b varying. Beam width b = 6 lies in the
saturated regime and is used in the final two configurations of Table 3.

Appendix

A Beam-Width Replay Analysis

Set b = 6 under accumulated VM+CL scoring. To choose b, we vary it while holding the accumulated
VM+CL score fixed, with pcontinue ≡ 1 and F̂ = 0. The b = 1 equivalence check uses 11,965 replayed requests
and reproduces the incumbent itemwise greedy decoder’s mean and quartile score statistics to within 0.15%.
In a separate outlier-filtered replay of 5,815 requests, Figure 5 shows diminishing returns beyond small beam
widths; the two b = 6 configurations in Table 3 use b = 6.

Increasing b from 1 to 6 under the accumulated VM+CL score yields narrow online improvements: time
spent and video views remain near-neutral, while likes rise by +0.74% and reshares by +1.21% relative to
the matched b = 1 configuration (Table 3). The wider beam improves reaction metrics but does not by itself
convert the offline score improvement into broad consumption improvements.
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