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Abstract
Recent advances in generative modeling have reshaped recommender systems by formulating recommen-
dation as a next-item generation problem. Existing retrieval approaches primarily follow two paradigms:
user-to-item (U2I) methods represent user context using one or a few deterministic embeddings, which
limits the ability to capture diverse and multi-mode interests, while semantic-ID-based autoregressive
(SID-AR) methods model more expressive distributions but suffer from quantization errors and the low
throughput of sequential decoding. To address these limitations, we propose X-Rec to directly learn
the recommendation distribution in the continuous item embedding space through flow matching and
generate embedding triggers for approximate nearest neighbor retrieval. X-Rec incorporates three key
designs to make this formulation effective and efficient. First, we introduce anchor conditioning to
decompose generation into coarse semantic-region selection and fine-grained refinement. Second, we
adopt Riemannian flow matching to align generative trajectories with the hyperspherical geometry of
item embeddings. Third, we design a late-interaction diffusion Transformer that restricts repeated
velocity-field estimation to the final Transformer layer. On a streaming benchmark, X-Rec substantially
outperforms U2I baselines, matches the retrieval quality of SID-AR methods, and delivers 3.46x higher
inference throughput than SID-AR. X-Rec has also been deployed as a new retrieval source for a specific
vertical content on TikTok, where two consecutive launches have yielded significant improvements in

both vertical engagement (+4.1484%) and general engagement (+0.0111%).
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1. Introduction

Recommendation systems have become a core infrastructure for modern content platforms, connect-
ing users with videos, services, merchants, and local consumption opportunities on an industrial
scale (Ricci et al., 2010; 2021). In large-scale retrieval, a central challenge is to efficiently recall
compact and diverse items that reflects a user’s evolving interests before downstream ranking.

Recommendation can be formulated as a next-item generation task that models the recommenda-
tion distribution p(x | ¢), where x denotes the next item and the user context ¢ typically comprises
the user’s historical interaction sequence s and the expected target attribute f' (Covington et al.,
2016; Kang and McAuley, 2018; Rajput et al., 2023). To this end, existing approaches can be broadly
categorized into two paradigms. The first is two-tower user-to-item (U2I) retrieval (Cen et al., 2020;
Chen et al., 2024; Zhang et al., 2024), which represents each item x as a continuous embedding
and encodes the user context ¢ into one or a few fixed user embeddings for approximate nearest
neighbor (ANN) retrieval. Although widely adopted in industrial systems (Covington et al., 2016), this
paradigm is limited by its intrinsic poor expressiveness: U2l models approximate the target distribution
p(x | ¢) with a delta distribution. Such a distribution is too simple to capture diverse user interests
intuitively and has limited model capacity theoretically, e.g., in terms of VC dimension (Csikos et al.,
2019). Although recent multi-interest U2I approaches alleviate this problem by introducing more
embeddings to encode c, the underlying distributional formulation remains unchanged. Another line
of work is SID-AR (Rajput et al., 2023; Deng et al., 2025; Zhou et al., 2025b), which discretizes
item embeddings into semantic identifiers (SIDs), thereby transforming recommendation into an
autoregressive next-token prediction problem. This approach defines tractable distributions over SIDs
and can represent substantially more flexible distributions than the delta distribution. However, it also
faces several practical and modeling challenges. The first challenge is what we refer to as flawed SIDs,
which manifests in two aspects: 1) Discretizing continuous item representations inevitably introduces
quantization error (Lee et al., 2022), leading to information loss in the item representation space;
and 2) SIDs are ideally expected to preserve a near one-to-one correspondence with item IDs, which
is difficult to satisfy in practice.”> The second challenge is low throughput: autoregressive models
generate SID tokens sequentially, limiting inference throughput and posing a significant bottleneck
for large-scale retrieval scenarios (Stern et al., 2018; Kwon et al., 2023).

In this paper, we represent each item by its embedding and directly model the conditional
recommendation distribution p(x | ¢) using flow matching (FM)-based diffusion (Lipman et al.,
2022; Liu et al., 2022). We term this approach X-Rec, emphasizing a return to x itself as the
fundamental object of recommendation. This design directly addresses the limitations of existing
paradigms. First, to overcome the poor expressiveness of U2I, X-Rec treats recommendation as
universal distribution estimation in the continuous item embedding space. Utilizing FM, it can capture
complex, diverse, and multi-mode user interest distributions, rather than collapsing them into one
or a few deterministic retrieval points. Second, to overcome flawed SIDs of SID-AR, X-Rec operates
directly on item embeddings, avoiding the quantization errors introduced by SID discretization,
and eliminating the need to enforce a fragile one-to-one correspondence between SIDs and item
IDs. Third, to overcome the low throughput of SID-AR, X-Rec achieves high inference throughput
by generating a single item embedding through diffusion, rather than autoregressively generating
multiple SID tokens, making it an efficient alternative for large-scale retrieval.

IFor example, f can denote the expected target action to be modeled.
2A common workaround is to append a non-semantic hash token to the SID sequence (Rajput et al., 2023; Fu et al.,
2026), but this weakens the semantic structure of the code itself.
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Built upon diffusion transformers (DiT) (Peebles and Xie, 2023; Wu et al., 2025), X-Rec incorpo-
rates three key designs to make continuous generative retrieval both effective and efficient. First, we
introduce anchor conditioning to enable coarse-to-fine generation. Before generating the target item
embedding, X-Rec first predicts an anchor, i.e., the cluster index of the target embedding, and then
conditions the embedding generation process on this anchor. This design reduces the difficulty of
directly generating fine-grained item embeddings from scratch, while also making the generation
process more controllable. In particular, by manipulating the anchor distribution, X-Rec can explicitly
encourage broader coverage over different regions of the item space, thereby improving the diversity
of retrieved candidates. Empirically, this anchor-guided generation improves Recall @20 by 2.05%
percentage points, demonstrating its effectiveness in enhancing retrieval quality. Second, we adopt
Riemannian flow matching (RFM) (Chen and Lipman, 2024; Kumar and Patel, 2026), where the
generative trajectory evolves along geodesics on the hypersphere. This formulation is well aligned
with the geometry of multi-mode item embeddings, which are typically learned through contrastive
objectives under cosine similarity and thus naturally lie on a spherical manifold (Radford et al., 2021).
Compared with rectified FM in Euclidean space, RFM avoids wasting model capacity on forcing
generated embeddings back onto the sphere, and instead directly models the intrinsic geometry of the
item embedding space. Experiments show that this geometry-aware formulation improves Recall @20
by 1.78% in absolute, highlighting the benefit of modeling item embeddings on their native manifold.
Third, we employ a late-interaction architecture for efficient velocity-field estimation. Instead of
applying the full Transformer at every diffusion step, X-Rec uses only the final Transformer layer to
compute the velocity field. Empirically, compared to the full-layer denoising setup, the one-layer
design reduces Recall @20 by only 1.05% percentage points, while improving generation throughput
by approximately 8.28x%. This makes X-Rec more suitable for large-scale retrieval scenarios where
both recommendation quality and serving efficiency are critical.

In offline evaluation, X-Rec substantially outperforms strong baselines. Compared to U2l methods,
it can capture the diverse, multi-mode structure of user interests more precisely, leading to significant
recall performance improvements. Compared to SID-AR, it achieves comparable recall performance,
while improving the inference throughput by 3.46x, making it a more practical generative retrieval
solution for large-scale industrial deployment. X-Rec has also been deployed as a new retrieval source
for a specific vertical content on TikTok. The online A/B tests show that two consecutive launches
deliver significant gains in both vertical engagement (+4.1484%) and general engagement metrics
(+0.0111%).

In the remainder of this paper, we first examine different generative retrieval paradigms in §2,
describing their formulations, advantages and limitations. Next, we elaborate on the proposed X-Rec
framework in §3, including its training pipeline and model architecture. Then, we conduct offline
experiments to validate the effectiveness of X-Rec and its key components in §4, followed by online
evaluation results in §5. Finally, we conclude this work and propose potential future directions in §6.

2. Formulations of Different Paradigms

Let X denote the item set. Given a user context ¢, our goal is to model the conditional target item
distribution pg(x | ¢) over X, where 6 denotes the model parameters. Following standard sequential
recommendation, the context ¢ contains a chronologically ordered historical interaction sequence
s (Kang and McAuley, 2018; Rajput et al., 2023). In our formulation, it additionally contains expected
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target attributes® f = (f1, f2,---, fF) € ¥, where f' denotes a sub-attribute. The behavior sequence
s consists of a series of interaction tuples, each containing an interacted item and its associated
attributes:

S = (il;i2;"' :iN): in = (xnsfn) 1)

where f, = (1, f2,---, fF) denotes the attribute vector associated with item x,, forn € {1,---,N}.

During inference, we generate multiple retrieval triggers xX1.x from pg(x | ¢) and use them to
retrieve candidate items from X. Depending on how the item x and the recommendation distribution
po(x | ¢) are represented, existing retrieval methods can be instantiated under different paradigms. In
the following, we compare these paradigms in terms of both modeling capability and computational
complexity. For the complexity analysis, we assume that all methods are built on a Transformer
backbone (Vaswani et al., 2017) with L layers and hidden dimension d, where the condition length
is N and the number of generated retrieval triggers is K. Table 1 summarizes the formalization and
computational complexity of different methods.

. Formalization Complexity
Paradigms p(x]|c) Time Space
U21 Embeddings Train: Sampled Categorical; Test: Delta O(N?) 0o(1)
SID-AR SIDs Discrete Categorical O(N(N + KM)) O(LN)
X-Rec Embeddings Continuous O(N(N +M)) O(N)

Table 1 | Formalization and complexity of different generative retrieval paradigms.

2.1. v2i

The U2I approach (Cen et al., 2020; Chen et al., 2024) uses an embedding x(¢) to represent item x.
During training, it is commonly optimized with a contrastive objective, such as InfoNCE (Oord et al.,
2018; Radford et al., 2021), which can be interpreted as modeling a sampled categorical distribution:

Ty (e)
exp (eg (c)T X )
u2i-train _
0 (x[c) =
eg(c)Tx(® )

T

(2)

eg(c)Tx’(e)
+ e Xoeg €XP (—T

exp (
Here, T denotes the temperature hyperparameter, and Xy, is a collection of negative samples, usually
constructed via random sampling strategies such as in-batch negatives (Chen et al., 2020). Because
its denominator is normalized only over Xy, rather than the full item universe X, this objective is a
sampled and biased approximation to the full-catalog softmax distribution (Blanc and Rendle, 2018).
At inference time, U2I degenerates to a delta distribution:

. 1, x© = eg(c)
u2i-test ) P
x|c)= ()
Pe (1o {0, otherwise.
Accordingly, the recall trigger has only one choice:
£ =eg(c) @

3We do not distinguish between item features, e.g., item type, and user—item interaction features, e.g., the user’s action
on the item. Both are included as attributes.
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The recommendation items are then retrieved from X via ANN. As seen, U2I concentrates all probability
mass on a single retrieval point in the item embedding space. This formulation is overly restrictive, as a
user’s true interest distribution can be diverse and multi-mode, which lies beyond the representational
capacity of a single-point U2I model (Cen et al., 2020).

To address this limitation, prior works such as ComiRec (Cen et al., 2020) encode the user
context ¢ into multiple triggers during training. The model then selects one of these triggers for
contrastive learning according to a matching strategy®. At inference time, the model can output
multiple triggers, each of which is used to retrieve candidates from the item embedding space.
However, this solution still remains within the same U2I framework. It increases only the number
of deterministic retrieval points, rather than explicitly modeling the full manifold of the conditional
distribution p(x|c). Moreover, the number of user embeddings must be predefined as a hyperparameter,
making it difficult to adaptively capture the intrinsic complexity and varying number of modes in a
user’s interest distribution. Therefore, U2I approaches exhibit poor expressiveness.

Since U2l is only made up of an encoder, its inference cost comes from the feed-forward and
self-attention computations over the condition tokens:

cime = O(Ld®N)  + O(LAN?) ~ O(N?) (5)
————— —_————
FFN of condition tokens attention of condition tokens

Moreover, U2I is KV cache-free, since it does not need to maintain KV caches for subsequent compu-
tations. Thus, its space complexity is:
space
Com - =0(1) (6)

2.2. SID-AR

SID-AR (Rajput et al., 2023; Deng et al., 2025; Zhou et al., 2025b) represents each item x as a
sequence of SIDs x{fl)w, thereby factorizing the recommendation distribution into an autoregressive
sequence model:

M
PSP AR xle) = [ [ oo () e, 4 ) @)
m=1

This formulation allows the model to be trained in the same way as language models, i.e., using
cross-entropy supervision over the SID sequence. At inference time, the retrieval triggers are obtained
via beam search:

if; = Beamsearchy (pSID'AR(xlc)) (8)

In contrast to U2I, SID-AR defines a compositional distribution over discrete SID sequences and is
therefore more flexible in representing multi-mode user interests (Uria et al., 2016).

Despite this advantage, the SID-AR formulation introduces two important drawbacks. Firstly,
its retrieval quality is highly dependent on the construction of SIDs. Since SIDs are obtained by
quantizing continuous item embeddings, the discretization process inevitably discards fine-grained
information in the original representation space (Lee et al., 2022; Rajput et al., 2023). Moreover, the
discrete code space must be organized such that generated SID sequences can be reliably mapped
back to valid and distinguishable items, a requirement that is non-trivial to satisfy at industrial scale.
Secondly, SID-AR inherits the efficiency bottleneck of autoregressive decoding. Generating a retrieval

4For example, selecting the trigger that is closest to the ground-truth item embedding.
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trigger requires multiple sequential prediction steps and KV cache maintenance, making the inference
cost grow with the SID length and limiting throughput in large-scale retrieval systems (Stern et al.,
2018; Kwon et al., 2023). Specifically, the complexity of SID-AR is:

Cimen= OftaN) +  Of(1dn?
S e’ N e’
FFN of condition tokens Attention of condition tokens

LAK(2N + M - 2)(M — 1)
+ O(LdZK(M— 1)) + 0( >

) ~ O (N(N + KM)) C)

FFN of generated tokens

Coroar = O (L(N + M))

Attention of generated tokens

As we can see, compared to U2I, SID-AR has additional time complexity from generated tokens and
additional space complexity from maintaining the KV cache, which significantly limits its inference
throughput.

Overall, SID-AR approaches suffers from flawed SIDs and low throughput.

2.3. X-Rec

Combining the advantages of U2l and SID-AR, our proposed X-Rec represents each item x as a
continuous embedding x(¢) and directly models the recommendation distribution in the continuous
embedding space with FM-based diffusion (Lipman et al., 2022; Liu et al., 2022). In essence, FM
learns a time-dependent velocity field vj (- | ¢) that transports a noise sample € ~ r(¢) toward the
target item embedding x(¢). During training, the model is optimized with the FM objective, which
regresses the predicted velocity field to the ground-truth conditional velocity. During inference, the
model generates triggers by denoising a noise step by step, which corresponds to sampling from the
learned recommendation distribution®:

% ~ paRe(xle) (10)

Compared with U2I, this formulation can model general continuous distributions, providing
sufficient expressiveness to capture diverse and multi-mode user interests, as illustrated in Figure 1°.
For a case study, please refer to §4.5.

Compared with SID-AR, X-Rec operates directly on item embeddings, avoiding the quantiza-
tion errors introduced by discretization and eliminating the need to enforce a fragile one-to-one
correspondence between SIDs and item IDs. Meanwhile, the time complexity of X-Rec is:

Cime = 0 (LdzN) + o (LdNZ) + 0 (L/szK) + O (L'TdKN)
—_———
ttenti f ted embeddi
FFN of condition tokens attention of condition tokens FFN of generated embeddings attention ot generated embeddings
(11
>The form of recommendation distribution py"¢(x|c) is implicitly defined by the velocity field: pjR(x|c) =

r(e) exp (_ Sy ug(¢g(e|c)|c)dt), where 222419 _ yt (40 (o) o) (Lai et al., 2025).

5From a decision-boundary perspective, retrieval with multiple triggers corresponds to selecting candidates x € X

such that f(x) =1 (maxke[ K] (J?IEE)TX(e)) > ’L'). Thus, the positive retrieval region is a union of K halfspaces induced by the

generated triggers. The VC dimension of this class is ©(dK log K) (Csikos et al., 2019), indicating that increasing the number
of triggers directly increases the complexity of the representable decision boundary. This offers a theoretical explanation for
the stronger expressiveness of X-Rec over single-vector U2I retrieval: multiple triggers allow X-Rec to represent a richer,
multi-region candidate space rather than a single local neighborhood.
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Figure 1 | Illustration of the expressiveness of U2I and X-Rec. In the left panel, U2I produces a single
retrieval trigger. Its training objective pulls this trigger toward items of interest while pushing it away
from irrelevant items. Due to geometric constraints in the embedding space, however, a single trigger
can easily fall into a compromised position, making it difficult to retrieve all relevant items without
also retrieving irrelevant ones. In the right panel, X-Rec directly models the distribution of items of
interest and generates multiple retrieval triggers. These triggers can cover different interest regions,
enabling more expressive and precise retrieval of relevant items.

Here, L’ denotes the number of Transformer layers used in each velocity field evaluation, and T
denotes the number of denoising steps. As shown in §4.3.3, we empirically find that using only the
final Transformer layer at each denoising step, i.e., L’ = 1, and setting the number of denoising steps
equal to the total number of Transformer layers, i.e., T = L, provides a favorable quality—efficiency
trade-off. Under this efficient configuration, the time complexity of X-Rec becomes:

cpme — O(LdzN) + O(Lsz) + O(LdZK) + O (LdKN)

[ [ [ ——— i X
attention of generated embeddings

FFN of condition tokens attention of condition tokens FFN of generated embeddings

~ O (N(N +K))

(12)
With this design, X-Rec only need to store the last-layer KV cache of the condition tokens, i.e.,
space _
XRec - (N ) (13)

Therefore, the complexity of X-Rec lies between U2I and SID-AR. More importantly, X-Rec achieves
a favorable trade-off between expressiveness and efficiency: it significantly improves upon U2I by
modeling a flexible continuous recommendation distribution, while avoiding the expensive token-by-
token autoregressive decoding required by SID-AR. This makes X-Rec expressive enough to capture
complex user interest distributions and efficient enough for large-scale retrieval.

3. X-Rec Framework

In this section, we present the proposed X-Rec framework in detail. We begin with a brief overview of
FM, then describe the high-level training and inference algorithms of X-Rec, followed by the concrete
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implementation of the model architecture. Finally, we introduce the overall training pipeline.

3.1. Preliminary: Flow Matching

Given a recommendation context ¢, let (¢ € X® denote the item embedding of the ground truth
item x/, sampled from an empirical recommendation distribution pgae,(x | ¢). The key idea of FM
is to learn a time-dependent flow function ¢, (- | ¢), where t € [0, 1], that transforms a simple
continuous random variable ¢ ~ r(¢), i.e., noise, into a sample from the target recommendation
distribution (Lipman et al., 2023). Specifically, the transformed random variable ¢>61)(e | ¢) induces
a model distribution pg(x® | ¢), which is expected to approximate pgaa(x(©) | ¢). Therefore, the
learned flow should satisfy

PS5 &) =e~r(e), ¢pleld) ~ paara(x® |0) (14)

Once such a flow is learned, we can sample from pg (x( | ¢) by first drawing noise from r(¢) and then
denoising it through the learned flow. However, directly constructing a flow that satisfies the above
requirement is challenging. Fortunately, it is straightforward to define a conditional flow when the
target embedding ¢ is given. This conditional flow ¢! (e | (¢, ¢) can be constructed by interpolating
from the noise ¢ to the target embedding x(¢) over time t:

¢2c 1R, =e~r(e), @'(e|2,8 =2 (15)

In most cases, the conditional flow is independent of ¢. For example, Euclidean FM can use the linear
interpolation ¢‘(e | x(¢,¢) = (1 — t)e + tx'® (Lipman et al., 2023). For convenience, we abbreviate
¢t(e | x(©,¢) as JEt(e) . Taking the derivative of the conditional flow with respect to time yields the
corresponding conditional velocity field:

d
ot (;zfe> | 2@, e) = =5 (16)

The FM objective then regresses a neural velocity field v, (J?t(e) |¢) to match this conditional velocity
field in expectation over data, noise, and timestep:

d 2
vh (7 1¢) - e (17)

L =E 20 pyra,
e~r,t~U(0,1)

X (e)

Lipman et al. (2023) have proven that the optimal regressed velocity field v}, (- | ¢) induces a flow
function that satisfies the construction requirement in eq. (14). More precisely, the induced flow
¢p. (e | ¢), which we refer to as J"ct(e), is defined as the solution to the following ordinary differential
equation (ODE)®:

d

S = vf (591 ¢)
)?(()e) =¢~r(e)

(18)

At inference time, we numerically integrate the above learned flow on the representation space X (¢)
using Euler discretization, as we shall see in §3.2.2.

7In this paper, * indicates a sample drawn from an empirical distribution.
8In this paper, * indicates a model-estimated counterpart of the underlying random variable.
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3.2. Algorithm

This section presents the learning and generation procedures of X-Rec. During training, the model
jointly learns coarse semantic anchor prediction and anchor-conditioned FM on the hypersphere.
During inference, X-Rec first identifies an anchor from the recommendation context and then integrates
the learned vector field on the hypersphere to produce recall triggers. We describe the training and
inference stages in turn.

3.2.1. Training

Anchor Loss. Although FM provides a general simulation-free framework for learning continuous
transport paths (Lipman et al., 2023), directly generating fine-grained item embeddings remains
challenging due to the complexity and multi-mode nature of the item representation space. To
address this issue, we introduce anchor conditioning, which enables a coarse-to-fine generation
process. Concretely, X-Rec first predicts a coarse semantic region of the target item and then generates
the recall-trigger embedding conditioned on this region. We represent the coarse region by the
cluster-center index (¥ € A of the target item embedding 2(¢). We refer to *(* as an “anchor”
because it provides a coarse localization of the target embedding. This decomposition reduces the
difficulty of continuous embedding generation and thus makes the generation process more stable
and controllable.

Naturally, we optimize anchor prediction with the cross-entropy loss:
Lanchor = _[E(e,fc(a))diata [lOg p@(ﬁ(a) | 6)] (19)

where 2(@ denotes the ground-truth anchor of the target item under context ¢.

RFM Loss. Conditioned on both the user context and anchor, X-Rec then generates the final recall
trigger by progressively denoising the noise. As aforementioned, each item x € X is represented by
a embedding (¢ € X(©). The embedding model is trained with contrastive representation learning
and £, normalization, so item embeddings naturally lie on the unit hypersphere, i.e., X(¢) = S%~1,
where d, is the embedding dimension. In this setting, directly applying FM in Euclidean space using
linear interpolation and additive denoising may cause intermediate and generated states deviate
from the hypersphere. Such off-manifold generated triggers are misaligned with the normalized
item embeddings. Therefore, we instantiate the general formulation in Section 3.1 as Riemannian
Flow Matching (RFM) (Chen and Lipman (2024); Kumar and Patel (2026)), ensuring that the flow
trajectory remains on the hypersphere.

Specifically, RFM constructs the conditional flow through geodesic interpolation:

(1 — .
sin(( t)w)e N sm(tw)f(e),

}Z‘(e) —
t - . .
Sin w Sin w

w = arccos(eT£®) (20)
where € ~ r(¢) is sampled from the base distribution on the hypersphere, and w is the geodesic distance
between ¢ and x(°). The corresponding conditional velocity field is obtained by differentiating the
geodesic path with respect to t:

d
Eff) _ ﬁ (cos(tw);?(e) — cos((1 - t)w)e) 21)

10
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Substituting this conditional velocity into the flow-matching objective in Equation (17), we can then
obtain the final RFM loss.

T
w = arccos(e %)
(22)

¢ (sm((l - t)w)e + Sin(tw))e(e) | 6,)/(\'((1)) _

w
2 (e)
- - - cos(t —cos((1—-t¢ )
0 sin w sin w sin w ( (tw)* (( Jw)e

Lrem = [E<e,£<ﬂ>,»?<6>>~pdm,[ v
e~r(c),
t~U(0,1)

TotalLoss. In practice, for each training example, we sample multiple noise vectors ¢ and timesteps
t, and use the resulting empirical mean to estimate the expectation in the RFM objective. The final
training objective of X-Rec is a weighted sum of the above two terms:

L= a-Eanchor + ﬂ -LRFM (23)

where a and B are weighting coefficients.

3.2.2. Inference

During inference, X-Rec first predicts an anchor ¥(®) ~ pg(x(® | ¢). Then, it initializes the state from
the base distribution )?ée) ~r(€) =Uga-1(€), where Ugq-1(€) denotes the uniform distribution on the
unit hypersphere. Next, it denoises this state progressively via Riemannian Euler integration with
timestep interval At:

Vi (2] &,%@)

vy (5 | &5

~(e)
Xerne

(24)

=COS(

(3 | e, ;z<a>)|| At) £ +sin (

vh (£ | &%) ac)

(e)
1

Once t reaches 1, the terminal state X, is used as the final recall trigger.

3.3. Model Architecture

As introduced in §3.2, X-Rec is consists of two key modules: an anchor predictor pg(x® | ¢) and a
velocity predictor vy (J?t(e) | ¢, x(¥)). We first describe how the features in the recommendation context
are encoded, and then detail the architectures of the two modules.

3.3.1. Feature Encoding

The recommendation context ¢ consists of the historical interaction sequence s and the expected
target attribute f. We now describe how s and f are represented in our framework. First, the attribute
is represented by projecting its sub-attribute embeddings to the model dimension d,,:

f(m) — Wff(e) — Wf[fl(e);fZ(e); . ;fF(e)] c Rdm (25)

where Wy is the leanable attribute projection matrix. Each interaction in the historical interaction
sequence s, i.e., a tuple i = (x, f) € h, is represented by fusing the information of item and attributes:

i = (M) 4 fm) = @) 4 ) ¢ R (26)

11
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Predicting velocity of denoising tokens conditioned on the context representation.

Target denoising token

Transformer Layers 1 ~ (L — 1): Sequence Encoder
Encoding historical interaction sequence Projected noised target: azgg"j” = ngzﬁ;)m, where fgs)m is
interpolation of z(® and e at timestamp ¢ as shown in Equation (20)
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Figure 2 | Model architecture of X-Rec. Historical interaction tokens are first encoded by the first L — 1
Transformer layers, and the target denoising tokens are then fed only into the last Transformer layer
to predict the velocity. Pretraining and SFT share the same architecture but differ in context-target
construction and attention visibility.

where W, is the item-embedding projection matrix. The encoded historical interaction sequence s is
therefore represented as a sequence of interaction tokens:

(m) _ (;(m) -(m) -(m) dm XN
s\ —(11 I DU )E[R 27
As illustrated in Figure 2, the encoded interaction sequence s'™ is then fed into an L-layer Transformer
to produce multi-level contextualized user representations:

sth) = = TransformerLayer, (st = (1(h1) (hl), e (hl)) € RIN

(iihz)’ iéhZ) . (h2)) e Rd XN

(h2) — TransformerLayer, (s")) =
S y 2(5 ) > (28)

_ (;(he) a(h)
_(llL’lZL

B

sh) = TransformerLayer, (s"-1) (hL)) € RIN

We adopt the Qwen3-style (Qwen3 et al. (2025); Qwen3.5 (2026)) Transformer backbone, where
RoPE (Su et al. (2024)) is used for positional encoding and QK-normalization is applied to stabilize
training. The user sequence is encoded with a causal attention mask, making s, (') 3 valid contextual-
ized representation of the historical interaction sequence. Moreover, this maskmg strategy allows the
resulting KV cache to be reused during the subsequent velocity-prediction stage, which significantly
improves inference throughput.
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3.3.2. Anchor Predictor

Since the anchor x(@ is discrete, the anchor predictor is naturally a softmax classifier based on the

historical-sequence embedding il(th) and the expected target-attribute embedding f(™:

exp (wg(i](\,h“ + f(’“)))

Yarea €XP (WJ (i](th) + f(m)))

po(xV|c) = W, € R (29)

where w, is the classifier weight vector for anchor a.

3.3.3. Velocity Predictor: Late Interaction DiT

The velocity predictor v, (J?t(e) | ¢, x(@) largely follows the DiT design (Peebles and Xie, 2023; Wu
et al., 2025), with one important modification: we introduce a late-interaction (Khattab and Zaharia,
2020) structure for efficient velocity computation. Given the current denoising state it(e), we first
incorporate the target attribute information f(™ into the denoising state in the same way of the
interaction tokens:

i = gm0 —w 2@ p W@ e R (30)

Instead of feeding the denoising token ft(m) through all Transformer layers, we insert it only into

the last layer. This design allows the model to reuse the contextualized historical representations
computed in the prefill stage, while using the final layer to estimate the velocity field for the current
denoising state. Formally,

[s(hL); ft(hL)] = TransformerLayer, ([s(hH); ft(m)] , t,x(a)) e RIN+D)xdn
vy ()?t(e) | c,x(a)) = Wyft(hL) € R%

T (3D)
v (5 |c,x(“)) =g (5 16, x@) - (u’g (& 1 e, x@) £§e))£§e> €T 0 S% !

projection onto T_,) Sde~1
X,
t

where ((v/5)" )?t(e)))?t(e) is the radial velocity component along the current state, and T S% ™! = {u €
t

R : uTit(e) = 0} denotes the tangent space of the unit hypersphere at JEt(e). The projection removes
the radial component of the velocity, ensuring that the predicted velocity lies in the tangent space.

As illustrated in Figure 2, the flow timestep t and anchor x(©) condition the final Transformer layer
through AdaLN (Peebles and Xie, 2023): their embeddings are added up, and jointly modulate the
attention and MLP blocks. A causal mask is applied when encoding the historical interaction sequence,
allowing its KV cache to be reused across iterative velocity evaluations. As shown in §4.3.3, this
late-interaction design substantially improves generation throughput, with only a marginal decrease
in Recall @20 compared with full-layer denoising.

3.4. Training Pipline

Training X-Rec includes two stages: pretraining and supervised fine-tuning (SFT). The pretraining
stage aims to capture general sequential transition structure and knowledge from users’ historical
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Figure 3 | Attention masks used in X-Rec. During pretraining, each denoising token corresponds to a
different target and attends only to its designated history prefix and itself. Accordingly, the position
index of each denoising token is set to the length of its corresponding prefix plus one. During SFT,
all denoising tokens correspond to the same target and attend to the complete condition sequence.
Their position indices are therefore identical, i.e., the length of the condition sequence plus one. In
both stages, condition tokens are encoded with a causal mask, allowing the last-layer KV cache to be
reused across denoising tokens at different timesteps. Meanwhile, denoising tokens remain mutually
invisible to one another.

interaction sequences and item embeddings, enabling the model to learn broadly transferable repre-
sentations. The SFT stage further adapts the pretrained model to specific recommendation scenarios,
such as particular content types or expected target attributes.

3.4.1. Pretraining

Given a chronological user historical interaction sequence s = (i1, i2, - , in), in = (Xn, fn), the pretrain-
ing stage models the following autoregressive factorization of the item distribution:

N
HPG(Xn|i1:n—1: fn) (32)
n=1

Here, each factor pg(x,|i1:n-1, fn) can be optimized using the X-Rec loss. Thus, a single sequence
yields N next-item prediction pairs according to different prefix lengths.

Specifically, for each target item x,,, the model samples a noise vector and a timestep, and evaluates
the loss defined in eq. (23). To improve training efficiency, we introduce a specialized attention
mask that allows the losses for all sequence positions to be computed within a single prefill pass. As
illustrated in Figure 3, this mask restricts each denoising token to attend only to its corresponding

14



X-Rec Technical Report

historical prefix, while keeping different denoising tokens isolated from one another. As a result, X-Rec
can train all prefix—target pairs in parallel without changing the semantics of sequential pretraining.

After pretraining, the model captures general item-transition patterns. In the next stage, SFT, it
further adapts the context and target semantics to the downstream serving task.

3.4.2. Supervised Fine-Tuning

SFT adapts the pretrained transition model to the retrieval events used by the downstream service.
For each eligible target item x with attribute f, we construct its sequence s by chronologically
concatenating two types of user history: a historical positive sequence and a recent interaction
sequence. The historical positive sequence consists of items with which the user has had meaningful
engagement, whereas the recent interaction sequence contains the user’s most recent activity before
the target event. These two sources provide complementary signals: the former reflects stable and
persistent user preferences, while the latter captures immediate and transient intent that may not
appear in the long-term positive history (Yu et al., 2019).

For each target item, we draw eight independent noise samples and timesteps to estimate the
RFM objective. As shown in Figure Figure 3, we also use a specialized attention mask, where each
denoising token attends to the complete composed history and the same expected target attribute,
while different noised copies remain mutually isolated. This allows multiple denoising tokens for the
same target to be trained in parallel without introducing information leakage across replicas.

Overall, the SFT stage adapts the pretrained model to the downstream retrieval task, enabling it
to generate retrieval triggers that better match the serving-time user context and target attribute.

4. Offline Experiments

In this section, we evaluate X-Rec in offline settings. We first describe the experimental setup, including
the chronological streaming benchmark, evaluation metrics, and baselines. We then compare X-Rec
with representative methods and analyze its key design choices through ablation studies.

4.1. Experimental Settings
4.1.1. Data

We evaluate X-Rec on an industrial streaming benchmark constructed from TikTok platform. All
models are first pretrained on large-scale historical interaction sequences and then trained and
evaluated on the stream, following the continual-update setting used in production. For pretraining
and streaming data, the item attribute set f includes only user actions. Therefore, the task is to
generate items that are aligned with the user’s demonstrated interests, conditioned on the user’s
historical interaction sequence.

Pretraining Data. We construct pre-training data from large-scale user—item interaction logs on the
platform. The sequences are divided into chunks containing at most 200 interactions.
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Streaming Evaluation Benchmark. To approximate production retrieval, where models are con-
tinuously updated with fresh user feedback, we construct a streaming benchmark comprising 47
consecutive partitions. Each partition includes 2.6M sampled training examples and 10K test examples,
where each example consists of a historical positive-interaction sequence and a recent-interaction
sequence, both of bounded length. We collect the target items from each partition to construct the
corresponding ANN recall source. Models are trained and evaluated sequentially over the partitions:
the final checkpoint from one partition is used to initialize training on the next, preserving the
temporal order of both data and model updates. This protocol captures model performance under
continual adaptation and provides a more faithful offline approximation of online retrieval behavior
than a static evaluation split.

4.1.2. Evaluation Metrics

For each test example (c, x), the model generates K embedding triggers t1.x. Each trigger is used to
retrieve its top-R nearest items from the ANN index. We define Recall @ (KXR) as

K
x e UANNR(tk) i (33)

k=1

Recall @(KxR) = % Z [
| | (e,x)eD

where ANNRg(t) denotes the set of top-R items retrieved by trigger t, and O denotes the testing set.
This metric measures the fraction of test examples for which the ground-truth item is included in
the union of retrieved candidates. By default, we report Recall @20x1, which we abbreviate as
Recall @20. §A.1 reports the complete per-snapshot results.

We also evaluate generation efficiency using throughput, measured as requests per second on a
single production-grade GPU. Each request generates K = 20 triggers, matching the default retrieval
setting. The throughput measurement includes only trigger generation and excludes the ANN lookup
stage.

4.1.3. Baseline Methods

We compare X-Rec against a broad range of representative open-source baselines from two categories.
The first category comprises U2I methods, including SASRec (Kang and McAuley, 2018), LRURec (Yue
etal., 2024), and DreamRec (Yang et al., 2023)”. The second category comprises SID-based generative
methods, including TIGER (Rajput et al., 2023), EAGER (Wang et al., 2024), LATTE (Hou et al., 2026),
and LLaDARec (Shi et al., 2025). For all open-source baselines, we follow the model configurations
reported in their original papers.

We additionally implement two controlled variants of X-Rec to disentangle the effects of the
learning paradigm and generation architecture. X-Rec-U2I is trained with a contrastive objective and
produces a single trigger embedding for retrieval, whereas X-Rec-AR employs a decoder-only architec-
ture to generate SIDs autoregressively. Both variants use the same context-encoder configuration as
X-Rec, as detailed in §A.2.

For U2I methods, which produce a single retrieval embedding, we compute Recall @20 under the
1x20 setting. For SID-based methods and X-Rec, which support multiple retrieval triggers, we use the
20x1 setting by default. We denote both settings as Recall @20 when the underlying configuration is
clear from context.

9Although DreamRec is diffusion-based, its original implementation generates only a single embedding for retrieval.
We therefore follow this setting and categorize DreamRec as a U2I method.
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Figure 4 | Comparison of different models on the streaming benchmark. The left panel shows the
results for each partition, while the right panel ranks the methods by their average performance.

All models follow the same pretraining-then-streaming-SFT pipeline. To ensure a consistent
comparison between SID-based and embedding-based retrieval methods, we adopt a unified ANN
evaluation protocol. Specifically, the SIDs generated by SID-based methods are decoded into embed-
dings through their respective RQ codebooks, and the resulting embeddings are used as triggers for
ANN retrieval.

4.1.4. Implementations

X-Rec adopts Qwen3-0.6B (Qwen3 et al., 2025) as its Transformer backbone. After removing the
token embedding layer, the resulting model contains approximately 0.46B parameters. Each item
is a video, and is represented by a 128-dimensional multimodal embedding normalized to the unit
hypersphere. SIDs are obtained by quantizing item embeddings with K-means residual quantization
using 4 codebooks of size 4096 (Zhou et al., 2025a), yielding an average reconstruction cosine
similarity of 0.94.

During pretraining, we train the model for one epoch (200K steps) using AdamW (Loshchilov
and Hutter, 2017) with a batch size of 4096. The learning rate is linearly warmed up to 5 x 10~*
over the first 2K steps and then decayed to 1 x 10~ following a cosine schedule. During streaming
SFT, we train the model for three epochs using AdamW with a constant learning rate of 1 x 10~% and
a batch size of 512. The maximum length of the user interaction history is set to 200 in both stages.
We set the loss coefficients to « = 0.1 and 8 = 1. To enable classifier-free guidance (CFG) (Ho and
Salimans, 2022) through marginal velocity estimation, we randomly drop the conditioning context
with probability 5% during training.

At inference time, X-Rec first samples anchors with a temperature of 1.4 and then generates
retrieval triggers over 30 denoising steps. We apply CFG with a guidance scale of 3.0 throughout the
denoising process.

4.2. Overall Performance

As shown in Figure 4, on our streaming benchmark, X-Rec substantially outperforms most baselines.
After controlling for model configuration with the two X-Rec variants, we make the following two
main observations.
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Figure 5 | Ablation results of anchor conditioning (AC), RFM, and pretraining (PT) on the streaming
benchmark.

Models SID-1 Recall@20 (%) SID-1 Recall@50 (%)

X-Rec w/0 AC 28.57 35.77
X-Rec 41.37 53.55

Table 2 | Average Recall@20 and Recall@50 of the first SID digit across all streaming partitions. Recall
is defined as the fraction of test examples for which the first SID digit of the ground-truth item is
covered by the first SID digits of the generated triggers after quantization.

First, X-Rec achieves slightly higher recall than X-Rec-AR. On average, X-Rec reaches 10.65%,
outperforming X-Rec-AR by 0.53% percentage points. Across the 47 streaming partitions, X-Rec
performs better than X-Rec-AR on 38 partitions, with one tie. This suggests that, in terms of distribution
modeling capacity, FM and SID-AR are comparable. More importantly, as we will show later, X-Rec
achieves this performance with substantially higher generation throughput, since its triggers can be
generated in parallel rather than decoded sequentially token-by-token.

Second, X-Rec clearly outperforms X-Rec-U2I. X-Rec-U2I achieves an average recall of only 6.98%,
trailing X-Rec by 3.67% percentage points. Since X-Rec-U2I relies on a single retrieval embedding, the
gap highlights the importance of multi-mode interest modeling. X-Rec addresses this by generating
multiple triggers for different interest modes. Moreover, as shown in §4.4.1, even when X-Rec
generates only one trigger and is evaluated under the same Recall @1x20 protocol as X-Rec-U2], it
still achieves better performance.

4.3. Ablation Study

We further conduct ablation studies to examine the contributions of several key components, including
anchor conditioning, RFM, late interaction, and pretraining.

4.3.1. Effect of Anchor Conditioning

We implement an X-Rec variant without anchor conditioning, denoted as X-Rec w/0 AC. In this variant,
the model directly generates the recall triggers without the guidance of anchors, and all other settings
remain identical to those of X-Rec. As shown in Figure 5, anchor conditioning plays a crucial role in
X-Rec. Removing it reduces the averaged Recall@20 from 10.76% to 8.71%, i.e., a dropping of 2.05%
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percentage points. Meanwhile, X-Rec w/0 AC is inferior to X-Rec on all 47 streaming partitions.

To further understand the role of anchor conditioning, we quantize the generated triggers of
X-Rec and X-Rec w/0 AC back into SIDs, and examine whether the first SID digit matches that of the
ground-truth item. As shown in Table 2, X-Rec achieves substantially higher first-digit recall than
X-Rec w/0 AC. Specifically, the recall improves from 28.57% to 41.37% at top-20 and from 35.77%
to 53.55% at top-50, corresponding to absolute gains of 12.80% and 17.78% percentage points,
respectively. These results indicate that anchor conditioning substantially improves the model’s ability
to identify the correct coarse semantic region, which in turn leads to better end-to-end retrieval
performance.

Overall, anchor conditioning effectively decomposes trigger generation into coarse semantic
localization followed by fine-grained refinement. This decomposition simplifies the generation task and
consistently improves retrieval performance, while introducing negligible additional computational
cost.

4.3.2. Effect of RFM

We implement a variant of X-Rec without RFM, denoted as X-Rec w/0 RFM, by replacing RFM with
rectified FM in Euclidean space (Liu et al., 2022), while keeping all other settings unchanged. As
shown in Figure 5, the w/o RFM variant reaches an average Recall@20 of 8.98%, trailing X-Rec by
1.78% percentage points. X-Rec achieves higher recall on all 47 streaming partitions, indicating that
the geometry-aware flow design consistently improves trigger quality.

This improvement comes from explicitly grounding the generation process on the normalized item
embedding manifold. Since item embeddings are ¢3-normalized, valid retrieval triggers should lie on
the unit hypersphere. RFM incorporates this constraint into the generative dynamics by transporting
samples along spherical geodesics and constraining the velocity to the tangent space at each state. As
a result, the model can devote its full capacity to learning meaningful movement within the item
manifold. In contrast, under Euclidean FM, the velocity field must implicitly handle two coupled
objectives: moving toward the target item and correcting deviations from the hypersphere. This
additional burden makes the learned dynamics less efficient and less aligned with the normalized
retrieval space, leading to less accurate retrieval triggers.

4.3.3. Effect of Late-Interaction

X-Rec uses late interaction to restrict each velocity-field evaluation to the last Transformer layer,
i.e., I’ = 1. Here, we study the performance—efficiency trade-off by varying the number of velocity
evaluation layers L’ € {1, 7,14, 28}. For all configurations, the number of denoising steps is fixed
to 30. We also include X-Rec-AR as a reference. Retrieval performance is measured by the average
Recall @20x1 across streaming partitions, while efficiency is measured by the maximum observed
generation throughput on a single production-grade GPU in BF16. When benchmarking throughput,
each request contains a condition sequence of length 199 and requires the model to generate 20
triggers.
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Figure 6 | Performance-throughput trade-off of different models. Each point reports average Re-
call@20 over all streaming partitions and the maximum generation throughput across the tested
batch sizes.

As shown in Figure 6, increasing L’ initially improves retrieval performance, with the 14-layer
variant achieving the highest mean Recall @20 of 11.94%, which is only 1.05% percentage points
higher than that of the 1-layer variant. Further increasing L’ to 28, however, leads to a slight
performance decline, indicating that using more layers for denoising does not necessarily improve
retrieval performance. In contrast, the 1-layer variant is substantially more efficient, achieving 2.63x,
4.50x%, and 8.28x the throughput of the 7-, 14-, and 28-layer variants, respectively. Furthermore, the
1-layer X-Rec outperforms X-Rec-AR in both retrieval performance and generation efficiency, improving
mean Recall @20 by 0.53 percentage points and throughput by 3.46x.

These results show that the one-layer late-interaction design offers the best deployment trade-off:
it preserves strong retrieval performance while greatly reducing the repeated Transformer computation
during generation.

4.3.4. Effect of Pretraining

To isolate the contribution of pretraining, we compare X-Rec with an otherwise identical variant
trained on the streaming benchmark from scratch, i.e., without pretraining. As shown in Figure 5,
removing the pretraining stage causes a substantial and persistent performance degradation across
all the 47 streaming partitions. The mean Recall @20 decreases from 10.76% to 5.49%, an absolute
drop of 5.27% percentage points. Although the non-pretrained variant gradually improves during
streaming SFT, it remains consistently underperforms the pretrained model. These results demonstrate
that pretraining provides a strong and transferable initialization that cannot be fully recovered
through downstream streaming supervision alone, highlighting its critical role in learning robust
representations for effective retrieval.

4.4. Analysis

We further analyze X-Rec in terms of trigger breadth, diversity, and the representation loss introduced
by SID reconstruction.
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Figure 7 | Performance of different recall configurations of X-Rec and X-Rec-U2I-K.

4.4.1. Retrieval Breadth & Depth

Under a fixed candidate budget, increasing K distributes the budget across more generated triggers,
broadening the coverage of user interests, whereas increasing R retrieves more nearest neighbors per
trigger, enabling deeper exploration around each interest. To study this breadth—-depth trade-off, we
evaluate X-Rec under four Recall @20 configurations: 1x20, 5x4, 10x2, and 20x1. We also compare
X-Rec with ComiRec-SA (Cen et al., 2020), a multi-interest U2I baseline that uses self-attention
to derive multiple user-interest embeddings. For a fair comparison, ComiRec-SA equips the same
context-encoder configuration as X-Rec, therefore we denote its resulting variants as X-Rec-U2I-K
(See §A.2 for detailed implementations). We use the average pairwise cosine similarity among the
generated triggers as a proxy for interest breadth, with a lower similarity indicating broader coverage.
For configurations with K = 1, we define this pairwise cosine as 1.

As shown in Figure 7, for X-Rec, Recall @20 improves monotonically with the number of generated
triggers K. The average Recall @20 increases from 8.28% under 1x20 to 8.60%, 9.63%, and 10.76%
for 5x4, 10x2, and 20x1, respectively. Reallocating the fixed budget of 20 candidates from 1x20
to 20x1 yields an absolute improvement of 2.48% percentage points. This gain is consistent across
the evaluation stream: 20x1 outperforms 1x20 on every partition and achieves the best or tied-best
result on 45 of the 47 partitions. Meanwhile, the average pairwise cosine similarity decreases as K
increases, indicating broader coverage of user interests. Together, these results show that, under
a fixed candidate budget, broadening interest coverage with more triggers is more effective than
exploring deeper neighborhoods around fewer triggers. This highlights X-Rec’s ability to capture
multiple modes of user interest.

X-Rec-U2I-K, however, exhibits a different trend. Although increasing K lowers the average
pairwise cosine similarity and appears to broaden interest coverage, its Recall @20 drops substantially.
Specifically, the average recall decreases from 6.98% under 1x20 to 5.32% under 10x2, a drop
of 1.66% percentage points. Moreover, under the same configuration, the ComiRec-based variants
X-Rec-U2I-K perform substantially worse than X-Rec. Under 10x2, for example, X-Rec-U2I-K has a
lower average pairwise cosine similarity than X-Rec (0.696 vs. 0.823), yet achieves substantially lower
recall (5.32% vs. 9.63%). This indicates that the apparent breadth of X-Rec-U2I-K is largely superficial:
its interest embeddings are more dispersed but fail to effectively cover distinct user interests. This is
because, although X-Rec-U2I-K generates multiple interest embeddings, it remains within the U2I
contrastive-learning paradigm rather than explicitly modeling the full target distribution. Moreover,
only the interest embedding selected for a given target is optimized during training. As a result, when
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Figure 8 | Effect of anchor-sampling temperature across all streaming partitions.

K increases, the supervision received by each embedding becomes sparser, leading to performance
degradation.

4.4.2. Adjusting Diversity with Anchor Temperature

Beyond simplifying the generation task, anchor conditioning provides a natural mechanism for
controlling trigger diversity through the sampling temperature of the anchor distribution pg(x(® | c).
As the temperature approaches zero, the anchor distribution degenerates into a delta distribution on
the most probable anchor. In this case, all generated triggers are concentrated ina narrow semantic
region, resulting in low diversity. As the temperature approaches infinity, the anchor distribution
converges uniform over all candidate anchors. The generated triggers are then dispersed across
different regions, leading to maximal diversity. In this section, we vary the temperature to study the
relationship between trigger diversity and recall performance.

As shown in Figure 8, anchor conditioning improves both retrieval performance and trigger
diversity. Even at a temperature of 0.8, compared with X-Rec w/0 AC, X-Rec reduces the mean
pairwise cosine similarity from 0.833 to 0.809, while increasing the mean Recall @20 from 8.71%
to 10.38%. Increasing the temperature from 0.8 to 1.6 further decreases the cosine similarity
monotonically from 0.809 to 0.779, coupled with an increase in Recall @20 from 10.38% to 10.84%.
These results suggest that flattening the anchor distribution encourages the model to explore a broader
range of semantic regions, thereby reducing redundancy among generated triggers and improving
the coverage of relevant items.

Most recall improvement occurs when increasing the temperature from 0.8 to 1.2, after which
the gain gradually saturates. In particular, temperatures of 1.2, 1.4, and 1.6 achieve Recall @20
values of 10.75%, 10.76%, and 10.84%, respectively. Thus, the default temperature of 1.4 provides
a near-saturated operating point. Overall, anchor temperature provides an effective mechanism
for controlling trigger diversity and balancing concentrated exploitation against broader retrieval
coverage.

4.4.3. Reconstructed Targets Expose Representation Loss

Here, we examine the performance degradation caused by SID quantization errors. Instead of
supervising X-Rec with the original continuous item embeddings, we construct a variant that uses
SID-reconstructed embeddings as training targets. Specifically, each target item is first mapped to its
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Figure 9 | Effect of using SID-reconstructed embeddings as SFT targets under different recall configu-
rations. Each marker reports the average performance over all the streaming partitions. Numbers
inside the connectors denote absolute losses relative to the original-embedding target, in percentage
points.

SID, and the SID is then decoded through the RQ codebooks to obtain the reconstructed training
target for SFT.

As shown in Figure 9, replacing original item embeddings with SID-reconstructed targets consis-
tently hurts performance across different recall configurations. Concretely, the average recall drops
by 1.44%-3.10% percentage points for Recall @20 and by 1.71%-3.92% points for Recall @50, with
average gaps of 2.13% and 2.38% points, respectively. The degradation is largest for 20x1 and
50x1, where each generated trigger retrieves only its nearest ANN neighbor. In this setting, a small
shift in the target representation can directly change the nearest-neighbor result. This suggests that
SID reconstruction distorts the fine-grained neighborhoods of the original embedding space and
introduces a non-negligible information loss. X-Rec avoids this reconstruction bottleneck by learning
directly from continuous item-embedding targets.

4.5. Case Study

In this section, we present case studies of the generated results. Specifically, we use t-SNE (Cai and
Ma, 2022) to project the 128-dimensional embeddings into two dimensions and visualize the user’s
historical positive items together with the triggers generated by X-Rec and X-Rec-U2I-K. Representative
examples'® are shown in Figure 10, and additional cases are provided in §A.3.

As shown, user interests, represented by items with historical positive interactions, often exhibit a
multi-mode structure. For example, in Figure 10a, the positively interacted items in the user’s history
mainly fall into two categories: Cars/Trucks/Motorcycles and Cooking, forming two distinct modes
in the video embedding space. The user’s next positively interacted ground-truth video is also likely
to lie near one of these modes: in this case, it belongs to the Cars/Trucks/Motorcycles category. X-Rec
closely approximates this distribution. The manifold formed by its generated triggers aligns well
with that of the historical positive items, and the closest cosine similarity between the generated
triggers and the ground-truth item reaches 0.942. In contrast, X-Rec-U2I-5 produces an averaged
representation. Although it generates five distinct triggers, its manifold collapses to a single mode

10For illustrative purposes and to meet compliance requirements, all example videos are Al-generated based on the
corresponding video categories and do not correspond to real user videos.
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located in the valley between the user’s two interest modes. As a result, it fails to capture the user’s
multi-mode interest distribution, and its closest cosine similarity to the ground-truth item is only
0.199. This visualization further demonstrates that, compared with U2I methods, X-Rec is able to
model diverse user interests more effectively .
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(b) Active interests: Movies/TV works, Other Comedy, and Traditional Sports. The ground-truth item belongs
to Other Comedy.

Figure 10 | Visualization of historical positive items and triggers generated by X-Rec and X-Rec-U2I-5.

5. Online Results

We deploy X-Rec as a new retrieval source for vertical-content recommendation on TikTok. In the
first launch (V1, i.e., X-Rec w/0 anchor conditioning), X-Rec incorporated RFM and late interaction,
achieving strong generation quality with high computational efficiency. In the second launch (V2,
i.e., X-Rec), we further introduced anchor conditioning, which led to additional gains in retrieval
performance. As shown in §5, X-Rec has yielded significant improvements in both vertical engagement
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(+4.1484%) and general engagement metrics (+0.0111%). This result highlight the real-world
impacts of our proposed retrieval method.

Metrics V1 V2 Total

Vertical Engagement +2.3779%% +1.7705% +4.1484%
General Engagement Not significant +0.0111% +0.0111%

Table 3 | The online A/B testing results of X-Rec. Since V1 serves as the baseline for V2 in the A/B
test, the gains from the two tests can be safely combined to estimate the total improvement. Unless
marked as “Not significant”, all results in the table are statistically significant.

6. Conclusion & Future Work

In this work, we presented X-Rec, an FM-based generative retrieval framework that directly models
the recommendation distribution in the continuous item embedding space. Unlike U2I methods,
which compress user interests into one or a few deterministic retrieval points, X-Rec generates
multiple stochastic triggers to capture diverse interest modes. Unlike SID-AR methods, X-Rec avoids
quantizing item embeddings into discrete identifiers and eliminates token-by-token decoding. To
enable effective and efficient continuous generation at industrial scale, X-Rec incorporates three
complementary designs: anchor conditioning decomposes generation into coarse semantic-region
selection and fine-grained refinement; RFM aligns the transport paths with the hyperspherical
geometry of normalized item embeddings; and the late-interaction DiT reuses cached condition
representations while restricting repeated velocity-field estimation to the final Transformer layer.

Offline experiments on the streaming evaluation benchmark demonstrate that X-Rec achieves a
favorable balance among retrieval quality, interest coverage, and generation efficiency. It outperforms
both the U2I and SID-AR variants while achieving 3.46x higher generation throughput than the
latter. In online experiments, two consecutive launches on TikTok’s vertical content yield significant
improvements on business metrics. These results demonstrate the potential of continuous generative
retrieval as an expressive, efficient, and practical complement to existing industrial retrieval paradigms.

Several directions remain open for future work. First, the current sampler requires multiple
denoising steps, motivating the exploration of few-step distillation, adaptive numerical solvers,
and hardware-aware optimization to reduce end-to-end serving costs. Second, although the late-
interaction design is computationally efficient, its scalability remains to be fully explored. Under strict
serving-throughput constraints, practical systems must balance retrieval quality against generation
cost. Future work could investigate how late interaction scales with larger backbones and deeper
denoising modules, as well as adaptive computation mechanisms that dynamically balance quality
and efficiency. Third, reward-aligned post-training, such as reinforcement learning, represents a
promising direction for continuous generative retrieval. It may enable X-Rec to optimize for long-term
user satisfaction and content relevance, objectives that are difficult to capture through supervised
learning alone.
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A. Appendix

A.1. Complete Results on Streaming Benchmark

Table 4 and Table 5 summarize the Recall @20 and Recall @50 results across different models. For U2I
methods (SASRec, LRURec, DreamRec, and X-Rec-U2I), which produce a single retrieval embedding,
we compute Recall @K under the 1 x K setting. For SID-based methods (TIGER, EAGER, LATTE,
LLaDARec, and X-Rec-AR) and X-Rec, which support multiple retrieval triggers, we use the K x 1
setting.

Data Partition X-Rec X-Rec-U2I X-Rec-AR TIGER LATTE LLaDARec DreamRec EAGER SASRec LRURec

1 9.7700 6.0645 9.8633 2.6562 5.9473 5.4004 4.7266 2.8027 0.9375 1.0938
2 11.9100 6.7285 10.7422 4.9609 5.8398 6.6309 4.8730 4.2383 1.4160 1.3281
3 12.1100 6.6309 10.9375 6.2891 6.7480 7.0117 3.9844 5.7227 0.7129 0.9082
4 9.2800 6.1914  9.1797 4.5703 6.0449 6.5430 4.2871 3.4766 0.8691 0.9961
5 9.9600 6.5625 9.6680 4.8730 5.8496 6.2695 3.9844 3.9551 0.9375 0.9961
6
7
8
9

11.8200 6.9043 11.9141 6.5332 4.1992 7.2656 5.3320 5.5176 1.1328 1.2402
11.0400 6.3184 10.9375 6.2695 7.1094 6.4062 3.6914 5.3027 0.6250 0.8398
8.7900 6.5918 8.1055 5.3516 6.5723 6.6113 4.2090 3.8379 0.8496 0.9766
10.9400 6.9727 10.6445 5.5273 6.5527 6.8555 3.9258 4.5996 0.9082 1.0254

10 11.6200 7.2754 13.2812 6.9043 8.1641 6.8652 4.4238 5.5469 1.1230 1.4453
11 13.2800 6.7090 12.6953 7.5293 8.8965 8.1641 4.1406 6.6504 0.9180 1.1328
12 11.4300 6.9336 11.7188 5.7910 7.0898 7.1094 3.7695 5.3809 0.8691 1.2109
13 11.7200 8.9844 10.9375 6.9922 8.5547 8.6230 6.9727 4.8926 1.6309 1.7578
14 10.4500 7.2754 9.7656 6.0156 7.3242 7.1680 4.3848 6.1035 0.9375 1.0645
15 11.3300 7.4902 11.3281 6.7969 8.3594 7.2754 4.7852 6.4746 1.4258 1.4355
16 10.8400 7.1387 10.3516 5.6348 6.6992 6.5039 4.4434 4.5020 1.1816 1.4844
17 8.7900 6.4941 8.3984 5.3320 6.2695 5.9570 3.6621 4.2188 0.8594 1.1230
18 12.8900 6.5918 11.0352 5.4688 6.9629 6.9531 4.1895 5.4883 0.9180 1.1133
19 7.5200 6.1328 7.2266 5.0781 6.1328 5.9961 3.4668 4.2383 0.8301 1.1328
20 9.7700 6.7969 9.5703 5.0488 6.7871 5.9961 3.6914 4.6387 0.8594 0.8887
21 11.6200 6.6699 10.1562 6.2305 7.7344 6.3965 3.9941 5.3711 1.0449 1.1426
22 10.3500 7.3047 8.8867 6.1230 7.8613 6.9141 4.5215 6.0352 1.0156 1.1914
23 9.3800 5.8008 9.1797 4.6973 6.2207 5.5859 3.6230 3.9062 0.7031 0.8789
24 8.5900 7.1094 8.7891 5.5762 6.8359 6.0547 3.9258 4.4727 1.1621 1.2109
25 10.3500 7.5488 11.4258 5.2930 7.0801 6.8848 4.7852 5.3223 1.2207 1.3965
26 10.0600 6.2012 10.2539 4.4727 6.1523 5.9473 3.7012 3.8867 0.8203 0.9082
27 11.4300 6.8457 9.9609 4.4336 5.9375 6.1230 3.7109 4.8828 0.9863 1.1816
28 8.5000 6.4062 9.3750 3.9844 4.6875 5.8398 3.6230 3.9844 0.7227 0.8594
29 9.0800 6.8359 7.9102 4.1504 6.3672 5.9082 3.9746 4.3750 0.9766 1.1426
30 10.7400 8.2617 9.8633 4.8340 7.0703 6.9043 5.2637 4.4141 1.3867 1.4844
31 10.9400 6.6211 10.0586 4.5605 6.7871 5.7910 3.7891 5.5566 0.9668 1.2012
32 9.2800 6.9238 8.0078 3.7500 6.4844 6.2988 4.1797 4.3359 0.7422 1.0449
33 10.8400 7.4219 10.6445 5.0293 6.8848 6.6992 5.1855 4.5898 1.2891 1.6309
34 12.0100 7.1973 10.3516 5.1172 7.2168 5.9277 3.9160 5.7520 1.0352 1.3379
35 12.7900 7.3633 12.0117 4.9609 7.3340 7.2363 4.1992 6.1328 0.8984 1.0449
36 10.3500 6.8652 8.5938 4.1797 6.4062 5.8496 3.6426 4.0723 0.9180 1.0742
37 10.3500 6.9238 9.1797 4.4727 6.4746 5.7813 4.0039 5.3223 0.8789 1.1621
38 9.5700 7.3242 9.2773 5.1855 8.1055 7.4121 5.1172 5.2930 1.2207 1.3184
39 11.3300 6.7773 10.5469 4.1602 6.8652 6.3086 3.9648 4.8340 0.9863 1.2500
40 12.1100 7.4707 10.5469 5.5469 7.9199 6.3477 4.2188 5.8105 1.2695 1.4844
41 12.5000 8.1543 12.4023 5.6250 8.2227 7.3535 5.2148 6.0742 1.2598 1.2402
42 10.4500 6.5332 10.2539 4.1406 6.7871 6.0938 3.6133 5.0098 0.8398 1.0352
43 11.5200 6.7773  10.5469 4.5898 7.3730 6.2402 4.1406 4.6094 0.9473 0.9961
44 10.9400 7.3145 9.6680 4.9316 7.3633 5.7520 3.8184 5.1855 1.1621 1.2598
45 12.2100 7.0312 12.1094 5.3418 7.8027 6.0156 4.4043 6.0449 1.2988 1.2207
46 10.2500 7.1484 10.0586 4.5801 4.1016 6.4258 4.5215 4.1211 1.0645 1.2012
47 13.0900 8.6328 12.5977 5.2246 6.6113 7.2461 6.2695 4.6289 1.5918 1.9727

Table 4 | Complete Recall @20 results on the streaming benchmark. The X-Rec column is highlighted
with light shading.

30



X-Rec Technical Report

Data Partition X-Rec X-Rec-U2I X-Rec-AR TIGER LATTE LLaDARec DreamRec EAGER SASRec LRURec

1 12.0020 8.4277 12.2070 3.4863 6.9824 6.0840 4.8730 3.6523 1.5820 1.7773
2 12.7344 9.1309 13.7695 6.4746 7.4316 7.5879 5.1660 5.8105 2.4316 2.3730
3 13.6523 9.3750 14.3555 7.9687 8.3984 8.2520 4.2578 7.8906 1.4941 1.7969
4 11.7578 8.7500 13.5742 6.5527 7.7148 7.7832 4.5996 5.1855 1.5039 1.7383
5 11.8164 9.0723 13.3789 6.9238 7.5293 7.2070 4.1602 5.4492 1.8945 2.0898
6
7
8
9

14.4629 9.4043 15.2344 8.3887 5.4688 8.8086 5.4688 7.5586 2.1777 2.3340
12.3242 8.8965 14.0625 8.2812 8.8867 7.5977 3.9355 7.3242 1.3574 1.6504
12.3535 9.1797 11.9141 7.1680 8.1934 7.7441 4.4043 5.6348 1.4648 1.7285
12.2461 9.3848 13.6719 7.3242 8.3301 8.1543 4.1797 6.3086 1.6113 1.7773

10 13.8672 9.8730 16.0156 9.0723 10.2246 8.5352 4.5410 7.8418 2.0605 2.5293
11 14.4043 9.3750 16.6992 9.9121 11.2012 9.4824 4.3945 9.2090 1.6797 2.0312
12 13.2812 9.6582 14.9414 8.3398 9.2578 8.6328 4.0137 7.5586 1.6211 2.1191
13 15.0195 11.4746 13.2812 9.1797 10.5469  10.0293 7.0801 6.7773 2.5488 2.7734
14 13.8281 10.3809 13.8672 7.8809 9.1016 8.5352 4.5801 8.5156 1.9434 2.2168
15 14.4727 10.1758 14.0625 8.8867 10.5371 8.8281 5.0293 8.7695 2.4219 2.5000
16 13.0762 9.9805 13.6719 7.7539 8.8574 7.8613 4.6094 6.8945 2.1973 2.7051
17 11.2988 9.1504 11.4258 6.9434 7.9883 7.0508 3.8477 5.8887 1.6504 1.9434
18 13.6719 9.2480 14.3555 7.5000 8.8574 8.3594 4.4727 7.4414 1.6895 2.0312
19 10.9180 8.4766 9.2773 6.7285 7.8711 7.1094 3.6426 5.9863 1.5723 1.8652
20 11.8066 9.0332 11.8164 6.9531 8.5352 7.2363 3.8867 6.6309 1.6406 1.7090
21 13.1250 9.7754 13.1836 8.2129 9.6875 7.8125 4.3164 7.8613 2.1582 2.2266
22 13.0078 9.7949 11.2305 8.1738 9.9414 8.5156 4.7559 8.3594 1.9531 2.0996
23 10.9668 8.6523 12.5000 6.4258 7.8027 6.5527 3.7891 5.5371 1.3965 1.7090
24 11.9043 9.4727 10.9375 7.3438 8.8965 7.2266 4.1602 6.2598 2.1777 2.1484
25 13.1348 10.6445 14.9414 7.2363 8.9453 7.9492 4.9805 7.3145 2.3047 2.5488
26 10.8301 8.7402 14.0625 5.9766 7.7441 6.9531 3.9160 5.4590 1.8164 1.9238
27 11.8652 9.7266 12.6953 6.2012 7.5977 7.3926 3.9746 6.6211 1.9043 2.1191
28 10.9863 8.9062 13.0859 5.3906 6.2988 6.6699 3.7793 5.5078 1.3672 1.7578
29 11.5137 9.5410 10.3516 5.6836 8.1250 6.9336 4.2383 5.8789 1.9336 2.1387
30 12,9199 11.1914 12.7930 6.6113 8.9062 7.9687 5.5176 6.5527 2.4316 2.7930
31 12.0898 9.2383 13.0859 6.1133 8.5938 6.7676 4.0625 7.4609 1.6406 2.2559
32 11.9531 9.7168 11.4258 5.2637 8.1836 7.3535 4.3848 6.0352 1.4062 1.9336
33 12.4805 10.3320 13.9648 6.5137 8.5547 7.7637 5.4199 6.1719 2.3145 2.8516
34 12.8223  10.5078 13.6719 7.0020 9.3945 7.3242 4.1406 7.9395 2.1973 2.5879
35 13.3301 10.4102 15.1367 7.2559 9.4727 8.3984 4.5508 8.1152 1.8457 2.1191
36 11.7969 9.6484 11.3281 5.7910 7.9687 7.0605 3.8184 5.7227 1.6309 1.9238
37 12.5488 9.7949 12.3047 6.1328 8.3008 7.0020 4.1504 7.2266 1.6602 2.3730
38 12.9492 9.6094 12.5000 6.7871 9.6973 8.2422 5.3906 7.1289 2.0801 2.2266
39 12.4805 9.8535 13.9648 5.7031 8.8672 7.3730 4.2676 6.6309 1.9141 2.2070
40 13.7695 10.6543 13.2812 6.9824 9.8340 7.5391 4.5020 7.9785 2.4609 2.7539
41 13.9453 10.6641 14.7461 7.5879 10.4688 8.7207 5.4883 8.2422 2.0996 2.1582
42 12.2461 9.1895 12.6953 5.7910 8.8672 7.3438 3.8281 7.0605 1.6895 1.9336
43 12.6172 9.4824 13.5742 6.2988 9.3359 7.2852 4.2578 6.4160 1.7578 2.0996
44 13.1348 10.0977 12.5977 6.6309 9.2383 7.0996 4.1016 7.4121 2.2363 2.3535
45 13.4863 9.9707 15.3320 7.1777 9.8242 7.1582 4.6094 8.1250 2.1875 2.2656
46 12.1289 9.4824 12.3047 5.9766 5.5566 7.5586 4.7070 5.9277 1.8555 2.1289
47 14.0039  11.2207 15.5273 6.7969 8.2617 8.3789 6.5332 6.3281 2.5098 3.1543

Table 5 | Complete Recall @50 results on the streaming benchmark. The X-Rec column is highlighted
with light shading.

A.2. Architectures of X-Rec-AR and X-Rec-U2I-K

X-Rec, X-Rec-AR, and X-Rec-U2I-K share the same Qwen3-0.6B backbone, user context, and item-
representation space. They differ only in how retrieval triggers are obtained.

X-Rec-AR. X-Rec-AR adopts an autoregressive architecture to generate the target SID. Specifically,
it uses the context representation s™ as a prepended prompt and models the distribution over the
target 4-token SID sequence with a causal language-modeling head. The model is trained with a
cross-entropy loss. During inference, we apply beam search to generate high-probability SIDs and
reconstruct the retrieval triggers using the RQ codebooks.
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X-Rec-U2I-K. X-Rec-U2I-K adopts the self-attentive multi-interest extraction module from ComiRec-
SA (Cen et al., 2020) to derive K user-interest embeddings from the user context. Given the last-layer
hidden representation s ) of the context, we introduce learnable query vectors qx € R% k=1,--- K,
to extract multiple interest triggers:

tr =W, (s(hL)T softmax (s(hL)qk)) € R%, (34)

where W, is a learnable projection matrix.

During training, the original ComiRec-SA implementation uses only the winning trigger, i.e., the
trigger closest to the target item x(¢), to construct the contrastive learning loss:
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However, we observe that this strategy is highly unstable and leads to poor performance on our
streaming benchmark. We therefore adopt an improved variant. For each candidate item, including
both the target item and negative items, we first select its nearest interest trigger and then compute
the contrastive loss using the similarity between each item embedding and its corresponding nearest
trigger. The improved loss is defined as:
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In this way, all interest triggers receive direct optimization signals, instead of only the winning
trigger being updated. This substantially improves training stability and leads to much better
performance on the streaming benchmark. During inference, the learned interest triggers are used to
retrieve candidates from the ANN index. Therefore, X-Rec-U2I-K represents user interest diversity
with a finite set of deterministic user vectors, rather than a continuous generative distribution.

A.3. Additional Multi-Interest Case Studies

We provide additional qualitative examples of X-Rec-U2I-5 and X-Rec in Figure 11 and Figure 12.

Across Figure 11 and Figure 12, triggers of X-Rec-U2I-5 concentrate in a single local region,
whereas X-Rec triggers cover multiple interest clusters. This observation supports the expressiveness
claim in §2.3: by directly modeling the target recommendation distribution, X-Rec can capture diverse
and multi-modal user interests more effectively than U2I methods.

To examine whether this pattern is caused by the five-trigger budget of X-Rec-U2I-5, we increase
the trigger count to 10. As shown in Figure 13 and Figure 14, increasing the trigger count does not
change the concentration pattern. Therefore, simply increasing the number of U2I triggers does not
eliminate the observed expressiveness gap.
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Figure 11 | Visualization of historical positive items and triggers generated by X-Rec and X-Rec-U2I-5.
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(a) Active interests: Diary/VLOG, Family, and Home/Garden. The ground-truth item belongs to Home/Garden.
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(b) Active interests: Cars/Trucks/Motorcycles, Cooking, and Other Comedy. The ground-truth item belongs
to Other Comedy.

Figure 12 | Visualization of historical positive items and triggers generated by X-Rec and X-Rec-U2I-5.
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(b) Active interests: Movies/TV Works and Outfit. The ground-truth item belongs to Outfit.

Figure 13 | Visualization of historical positive items and triggers generated by X-Rec and X-Rec-U2I-10.
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(b) Active interests: Movies/TV Works, Other Comedy, and Traditional Sports. The ground-truth item belongs
to Other Comedy.

Figure 14 | Visualization of historical positive items and triggers generated by X-Rec and X-Rec-U2I-10.
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