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Abstract

Embedding-based retrieval is at the core of industrial recommender
systems, but a single user embedding is often too limited to capture
a user’s diverse interests. Multi-interest retrieval addresses this by
using multiple user embeddings, yet existing methods still suffer
from two issues: interest collapse, where different embeddings learn
the same interest, and static dispatch, where serving uses a fixed
retrieval budget even when some embeddings are unnecessary. We
propose SetMIR, which treats multi-interest retrieval as a set pre-
diction problem. SetMIR encodes a user’s behavior history with a
transformer and uses K learnable queries to decode a set of user in-
terests, each producing a retrieval embedding and a presence score.
During training, Hungarian matching assigns targets to queries
one-to-one, so matched queries learn distinct interests and the pres-
ence head learns which queries are active. At serving time, SetMIR
uses presence scores and query-level Non-Maximum Suppression
(NMS) to issue only active, non-redundant ANN queries. On Snap’s
Dynamic Product Ads (DPA) data, SetMIR outperforms four learned
multi-interest retrievers on every metric while issuing 33% fewer
ANN queries per request. Deployed as a new retrieval source in
the DPA production stack, SetMIR lifts overall CVR by 3.1%, while
lifting CTR by 44% and CVR by 51% over the item-to-item retrieval
source with the same item embeddings, ANN index, and retrieval
quota.
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1 Introduction

The retrieval stage of a large-scale recommender selects a few
thousand candidate items per request from a corpus of millions to
billions; a downstream ranker then scores those candidates with a
heavier model [3, 6]. The dominant retrieval architecture is a two-
tower neural network: a user tower produces one embedding, an
item tower indexes the catalog, and approximate-nearest-neighbor
(ANN) search [5, 7, 10, 27] retrieves the top-N items by inner prod-
uct or cosine similarity. A single user embedding is often too coarse
for this task. A user may interact with streetwear, baby clothes, and
skincare in the same week, yet an averaged representation favors
dominant categories and misses narrower, short-lived ones.
Multi-interest retrieval addresses this limitation by producing K
embeddings per user, each issuing an ANN query whose results are
merged [2, 4, 14]. However, current methods usually have two draw-
backs. First, interest collapse: the standard training signal [14]
assigns each target to its closest interest by arg max; (e, t); mul-
tiple targets can collide on the same query, unmatched queries
receive no gradient, and the model can converge to only a few
effective interests. Second, static dispatch: issuing ANN searches
from all K embeddings spreads a per-request retrieval budget N
across redundant or low-quality queries, and without a learned
per-query quality signal, K ANN calls may return fewer than K
meaningfully distinct candidate sets while still consuming the full
budget. Recent methods add auxiliary regularizers [25, 28], but they
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do not learn which of the K embeddings should retrieve candidates
for a particular user request.

We propose SetMIR, a set-based multi-interest retrieval frame-
work that predicts a variable-size set from a fixed-size bank of
learnable queries: the target-set size is unknown, and the queries
must coordinate so each captures a distinct element. A Hungar-
ian matcher [12] assigns engaged targets to queries one-to-one, so
each matched query receives a retrieval gradient while unmatched
queries receive an explicit absence target. A per-query presence
score is supervised by the matcher (matched vs. unmatched) and
gates which of the K queries dispatch ANN searches at inference
time. Our contributions are summarized as follows:

o We frame multi-interest retrieval as set prediction over K
learnable queries, which removes interest collapse at the
training-objective level rather than through the auxiliary
regularizers prior work relies on.

e We replace static dispatch with adaptive retrieval at serving
time. Presence gating, followed by query-level NMS, acti-
vates K < K queries per request while keeping performance
on par with all-X retrieval.

o Extensive offline experiments against learned multi-interest
baselines, and an online A/B test in Snap DPA, demonstrate
the effectiveness of SetMIR in a production recommender.

2 Related Work

Multi-interest retrieval. Multi-interest recommenders represent
each user with multiple embeddings to capture the diverse interests
reflected in their behavior history. Existing methods differ mainly
in how these embeddings are constructed. MIND [14] uses capsule
routing [20]; ComiRec uses multi-head self-attention [2]; SINE acti-
vates a sparse subset of global prototypes [22]; MVKE introduces
virtual-kernel experts [26]; DCM performs differentiable cluster-
ing [4]; KuaiFormer appends learnable query tokens to a trans-
former over the behavior sequence [17]; and PinnerSage derives
interests from offline clustering of user behaviors [19]. Subsequent
work further improves these models through hard-negative mining
and contrastive learning objectives [25, 28]. We refer readers to Li
et al. [16] for a broader survey of multi-interest recommendation.

Despite these advances, two challenges remain in production
retrieval. First, many methods use argmax-based target-to-query
assignment [2, 14]. Multiple targets may then be assigned to the
same query, while unmatched queries receive no training signal,
leading to interest collapse. Second, most multi-interest retrievers
use static dispatch, issuing a fixed number of ANN queries for
every request regardless of how many user interests are active. Both
persist in the deployed systems closest to SetMIR. KuaiFormer [17]
at Kuaishou is the nearest in architecture, a transformer over the
behavior sequence with learnable query tokens, and shows that
this design is practical at production scale; SetMIR adopts the same
family but replaces its argmax assignment and fixed ANN bud-
get. DCM [4] reduces interest collapse through single-assignment
clustering but still relies on static dispatch. SetMIR addresses both
challenges by formulating multi-interest retrieval as set prediction.
Hungarian matching provides one-to-one target assignment during
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training, while a per-query presence head provides explicit no-
interest supervision and dynamically gates ANN queries at serving
time.
Set prediction, multi-vector retrieval, and selection. Set pre-
diction produces a variable-size output set from a fixed bank of
learnable queries. DETR [1] popularized this formulation for object
detection; Set Transformer [13], Perceiver IO [8], and Q-Former [15]
extend the learnable-query paradigm to other domains. SetMIR
adapts this paradigm to retrieval-stage recommendation. Specif-
ically, SetMIR inherits DETR’s learnable query bank, Hungarian
assignment, and explicit absence target for unmatched queries, but
applies them to a different input and a different prediction target.
DETR predicts boxes in a bounded continuous space, supervised by
exhaustive annotation. Here the prediction is a vector in a frozen
item-embedding space, supervised contrastively, and the ground
truth is a user’s engagement in a future window, so an unmatched
query indicates only that no further interest appears in that window.
The presence score also acts at a different point: in detection every
query is decoded and the absence class filters the output, whereas
here it determines how many of the K ANN searches are issued.
Unlike ColBERT-style multi-vector retrieval [11, 21], where each
document is represented by many vectors with late interaction
at scoring time, SetMIR keeps every item as a single vector and
places multiplicity only on the user side, so existing single-vector
ANN indices [5, 10] are reused without modification. Compared
to differentiable top-M selection (e.g., Gumbel-Softmax [9]), the
presence head supports a variable number of active queries per
request and avoids the temperature schedule and straight-through
estimator that top-M sampling requires.

3 Method

3.1 Problem statement

We frame multi-interest retrieval as set prediction over K learnable
queries. Given a user’s chronological engagement history H,, =
[v1,02,...,0r], where each v; pairs an engaged product with an
engagement type, the task is to recover the user’s multiple interests.
The most recent high-intent products (e.g., purchase, add-to-cart,
swipe-up) form the target set 7; = {t,...,tw} C V, where V is
the item universe. Earlier engaged products serve as model inputs.
The number of targets W varies across users and is unknown at
inference time.

The retrieval task is to return a top-N candidate list C, € V with
high recall against 7; under a serving budget: at most K interest
embeddings may query the item index per request. SetMIR therefore
predicts a set of interest representations %, = {(ex, pk)}llle, where
ex € R? is an interest embedding and py € [0, 1] is a presence score
indicating whether query k corresponds to a current user interest.

3.2 Architecture

Figure 1 illustrates the overall framework: an input embedder, a
history encoder, and an interest decoder with two per-query output
heads, detailed in the following paragraphs.

Input embedder. Each history product v; is embedded by a frozen
pretrained content-embedding model from its metadata (title, brand,
category, image) into a content embedding %; € R?. We add a
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Figure 1: SetMIR pipeline. A transformer encoder reads the user history, a K-query transformer decoder emits per-query
retrieval embeddings and presence scores, and training uses Hungarian matching to align engaged targets with queries. At
inference, presence gating and query-level NMS select the active ANN queries, whose results are merged by maximum score.

learned positional embedding pf " and an a-gated event-type em-
bedding a c(type;) € RY to form the per-item input. The event-type
embeddings are learned from scratch, and the scalar « is initial-
ized at 0 and learned directly, so the model starts from the pure
content-embedding space and gradually incorporates engagement
signals:

Xi =X + pfos + ac(type;) € R, (1)
History encoder. A standard J-layer transformer encoder Ep [24]
processes the history of per-item inputs [x1, ..., xr] into contextu-
alized representations:

H=8&y([x1,...,x]) € RE*9. )

Interest decoder with K learnable queries. SetMIR maintains K
learnable interest queries, shared across users, Q(O) =[q1,.--,9x] €
RE*4 randomly initialized and trained jointly with the rest of the
model. An M-layer transformer decoder Dy alternates between
self-attention among queries and cross-attention to the encoded
history. Omitting residual connections and layer normalization for
compactness, one decoder layer is

Q) = SelfAttn(Q“~Y), 3)
0 = CrossAttn(Q([),H, H), 4)
0 =FFN(Q"), &)
for £ =1,..., M. Query self-attention lets interest queries exchange

information before reading the history, which encourages different
queries to specialize rather than independently chase the same
dominant signal. The decoder output Z = QM) € RK*? js passed
to two per-query heads.

Two output heads per query. For each decoder-output row zx
of Z = Q(M), SetMIR predicts a normalized retrieval embedding ey,

and a presence score py:
o = WelNGO +be g ©
[[We LN(z) + bel, ’

Pr = a(w;LN(zk) + bp) € [0,1], 7)

where o(-) is the logistic sigmoid. The L; normalization makes
training and serving consistent. The scalar presence head estimates
whether the query is active for this request.

3.3 Set-prediction training

For a training example, target product identifiers are deduplicated
by product id (pid). If the same pid appears with multiple event
types, we keep the strongest-intent event type (priority order: pur-
chase > add-to-cart > swipe-up). The target products are then
capped at Wiax = 15 by strongest-intent priority. The model pro-
duces K interest embeddings {ek}le, and the same frozen pre-
trained model from §3.2 encodes each target product t,, into a
target embedding 7,, € R?, giving the target set {£w}"_, where
W < Whax and may exceed K.

Hungarian matching. We compute a one-to-one assignment be-
tween predicted queries and target items. Let Ax w be the set of
matchings A C [K] x [W] with |A| = min(K, W) and no repeated
query or target. We solve

A = argmin Z |
ACAKW (kw)eA (8)

Tk, = = Aemb e;fw = Aus log G([k)>

where £ is the pre-sigmoid presence logit. The embedding term
prefers geometrically close query-target pairs; the class term biases
the matcher toward queries the model already predicts as present.
We use Aemp = 1 and Ay = 0.5, with the class term linearly warmed
up over the first 10% of training steps so that early matching is
driven primarily by embedding geometry. For K = 10, each user’s
assignment is a small KXW problem and the solve itself is negligible.
Let M, = {k : (k,w) € A} denote the matched query indices, with
IMy| = min(W,K), and let U, = [K] \ M, denote unmatched
(“no-interest”) queries.

InfoNCE retrieval loss. For each matched pair (k, w) € A, we ap-
ply an in-batch sampled-softmax (InfoNCE [23]) loss. The assigned
target £, is the positive, and all valid target embeddings gathered
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across the data-parallel mini-batch form the contrastive pool N,
which therefore contains £,, itself:

exp(eljfw/rr)
og —————————
Yrenexplelt/r)

Linfonce (1) = —% Z 9

Al (kow)eA

where 7, is the InfoNCE temperature and padded target entries
are masked out. Only matched queries participate in LfoNcE; un-
matched queries are not pulled toward any target direction.
Presence loss. The matcher identifies which queries are used on the
example, and the presence head learns to predict that assignment.
Given presence score pj. and binary label y, = 1[k € M,],

K
o) == 3" [y logpe + (1 -y g1~ po)]. (10
k=1

The retrieval and presence losses provide complementary super-
vision. Matched queries are pulled toward their assigned targets,
whereas unmatched queries receive only a y;=0 presence target.
This absence signal is the mechanism missing from argmax-trained
multi-interest models: when targets independently choose their
closest query, unmatched queries receive no direct supervision and
can collapse or drift.
Margin diversity loss. We add a light pairwise repulsion term
to discourage active queries from becoming nearly identical. Let
ar = 1[px > 0.5] be a detached hard activity mask; gradients do
not flow through the threshold. We define
2izj @i 4j max(0, e e; — m)
max(1, Xz, ai a;)
with margin m = 0.3. The loss is zero when fewer than two queries
are active. Otherwise, it penalizes only active pairs whose cosine
similarity exceeds m, leaving already separated queries unchanged.
Unlike ComiRec’s controllability term [2], which is applied during
inference, this term shapes the learned retrieval geometry during
training.
Total loss. For a mini-batch of users B, the total training loss is

Lpiy(u) = , (11)

L= E{l Z [ Ar Lintonce () + Ap Lpres(u) + Ap Loiv(w) |, (12)

uesB

with loss weights Ag, Ap, Ap specified in §4.1.

3.4 Inference

At serving time, SetMIR performs a single forward pass that en-
codes the user history and decodes the K interest queries, yielding
{(ex, Pk)}kK=1' It then converts the fixed query bank into a dynamic
set of K < K ANN queries through three lightweight steps that
together replace static dispatch with dynamic K retrieval (see Fig-
ure 2).

Step 1: Presence gating. We first retain queries whose presence
exceeds a threshold 7:

S ={kel[K] : pr>1}. (13)

If no query passes the threshold, we keep the query with the largest
presence score as a fallback.

Step 2: Query-level non-maximum suppression. We sort S; by
descending py and apply NMS over query-query cosine similarity.
A query is removed if its cosine similarity to any higher-presence
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Figure 2: Inference-time gating and per-query ANN. Presence

items from e5
gating at threshold 7 retains active queries, cosine-NMS at
Onms removes redundant survivors, each survivor issues one
ANN search, and returned items are merged by max-score.

Step 2: NMS Suppression i

retained query exceeds dnms; we use Snms = 0.9. The surviving set
is S, € Sy, with |S,| =K.

Step 3: Per-query ANN search and max-merge. Each surviving
query k € S; retrieves its top-M, items from the item index. We set
My =[N/ K so that the total retrieval depth remains approximately
constant as K changes. Items returned by multiple queries are
merged by maximum score:

s(t | u) = maxe, i, 14
(t 1) = maxe] (14)

and the top-N items by s(¢ | u) form the candidate list.

4 Experiments
4.1 Experimental Setup

Dataset. We evaluate SetMIR on user-product engagement logs
from Snap DPA. The advertiser catalog contains hundreds of mil-
lions of products, and the event stream includes views, swipe-ups,
add-to-carts, and purchases. For each user, we form the target set
7. from all high-intent events (such as purchase, add-to-cart, and
swipe-up) that fall within the last 3-day window. Targets are dedu-
plicated by product id and capped at Wy, =15 items, which retains
all high-intent targets for most users in the training data. The his-
tory sequence is every event whose timestamp lies strictly before
the start of the window, truncated to the most recent L=40 events.
Users are partitioned into disjoint train, validation, and test sets.
Item embeddings are computed offline by a separately pretrained
content-embedding model, then frozen and stored as L,-normalized
vectors throughout SetMIR training and evaluation.
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Table 1: Comparison of SetMIR against four learned multi-interest retrieval methods. All rows share the same training data,
the same frozen item embeddings, K=10, the same optimizer and batch size, and the same per-request retrieval budget; they
differ only in the interest-extraction architecture and the target-to-query assignment. Baselines have no presence concept, so
they dispatch all K queries (K=K), which is the static dispatch they practice in production. Every method is trained until it
converges, each to its own point of convergence rather than to a shared step count, since the model classes differ substantially
in how long they keep improving. The SetMIR (argmax) row replaces Hungarian matching with argmax assignment and is
analyzed in §4.2.2. Each metric is normalized so that SetMIR equals 100%.

Method K R@1 R@5 R@10 R@100 HR@100 NDCG@100 MRR
MIND [14] 10.00 45.7% 50.7%  52.9% 61.7% 58.2% 54.3% 44.4%
ComiRec-SA [2] 10.00 67.4% 83.5% 89.8% 99.9% 99.6% 89.8% 80.0%
DCM [4] 10.00 26.0% 34.5% 37.4% 49.3% 48.8% 39.3%  29.1%
KuaiFormer [17]  10.00 43.0% 47.6% 52.0% 62.8% 64.1% 52.3% 42.2%
SetMIR (argmax) 2.16  62.1% 63.2% 63.5% 69.1% 73.2% 63.1% 56.4%
SetMIR 6.70  100%  100% 100% 100% 100% 100%  100%

Evaluation pool. All offline results are reported on a held-out
test set of around 1M users, yielding a target pool of around 5.3M
products. The validation split also includes around 1M users and is
used to choose the presence threshold 7, the NMS threshold dxs,
and each method’s converged checkpoint, so no reported number
informs those choices.

Metrics. We report R@N (recall at top-N retrieved products) for
N € {1,5, 10,100}, HR@100 (hit rate), NDCG@100, and MRR (mean
reciprocal rank). For serving analysis we additionally report K, the
average number of ANN queries per request after presence gating
and NMS. Per Snap’s policy, we report only relative metric lifts.
Implementation. The history encoder is a 2-layer transformer
with 8 attention heads, feed-forward width dg = 1024, and dropout
0.1; the interest decoder has 6 layers with the same width, heads,
and dropout, with hidden size d = 128 and approximately 3M
learnable parameters.

We train with AdamW [18] (peak learning rate 5 X 1074, 4000
warm-up steps, weight decay 0.01, cosine decay) on 8 A100-40GB
GPUs with batch size 1536 users per GPU and bfloat16 mixed preci-
sion. The in-batch InfoNCE pool gathers target embeddings across
GPUs and masks padded target entries. The InfoNCE temperature
is 7, = 0.05, the diversity margin is m = 0.3, and the loss weights
are Ag = 1.0, Ap = 0.5, Ap = 0.1, with the Hungarian class term
Ads = 0.5 linearly warmed up over the first 10% of steps. Unless
otherwise stated, inference uses presence threshold 7 = 0.3, NMS
threshold dnms = 0.9, and K=10 queries.

4.2 Offline Experiments

4.2.1 Comparison with learned multi-interest baselines. We com-
pare SetMIR against four learned multi-interest retrievers spanning
the designs surveyed in §2: MIND [14], ComiRec-SA [2], DCM [4],
and KuaiFormer [17] on the Snap DPA evaluation pool. Because
SetMIR consumes a frozen pretrained item tower whereas all four
learn item embeddings jointly with the user side, this is a con-
trolled comparison of interest-extraction mechanisms rather than
an end-to-end reproduction of published results. For the experiment
comparison, ComiRec-SA and MIND are ported from the authors’
reference implementation!; DCM and KuaiFormer have no public

!https://github.com/THUDM/ComiRec

code and are implemented from their papers. All four use the same
output head as SetMIR, and MIND’s ReLU output layer is dropped
because a frozen item tower would otherwise confine queries to
the non-negative orthant. Each method is trained until it converges
on the validation set, so the training length is per method rather
than shared: MIND, ComiRec-SA and DCM peak within 60K steps,
KuaiFormer at roughly 100K and SetMIR at 160K.

SetMIR is strongest on every metric, and the margins are widest
at the top of the ranking, which is what the downstream ranker
consumes: the best baseline, ComiRec-SA, reaches 67.4% of SetMIR’s
R@1 and 80.0% of its MRR, yet becomes competitive at depth (99.9%
of R@100), so attention-based routing recovers a similar candidate
pool but orders it less well. SetMIR does this while issuing 6.70
ANN queries per request against the baselines’ 10, a 33% smaller
budget.

MIND and DCM fall furthest behind, at 52.9% and 37.4% of Set-
MIR’s R@10. Both construct interests geometrically, by capsule
routing and by differentiable clustering respectively, and both were
designed to learn the item tower jointly with the user side; DCM
additionally had to be reimplemented from its paper. We therefore
read these rows as evidence about how those mechanisms behave
under a frozen item space, not as a verdict on the published systems.

KuaiFormer is worth isolating: it is the closest architecture to
SetMIR, a transformer over the history with learnable query tokens,
yet reaches only 52.0% of SetMIR’s R@10. Both are deep transform-
ers of comparable capacity on identical data and item embeddings,
so the gap points to how the queries are supervised, which the
SetMIR (argmax) row isolates directly (§4.2.2).

4.2.2 Component ablation. Table 2 removes one mechanism at a
time: the target-to-query assignment, the presence loss, and the di-
versity loss. Replacing Hungarian matching with per-target argmax
costs 36.5% of R@10 and 43.6% of MRR and drops the mean number
of presence-active queries from 6.70 to 2.16 of 10: targets compete
for whichever query is already closest, the rest never receive a
retrieval gradient, and the model settles on roughly two effective
interests, illustrating the impact of interest collapse.

Both loss terms also cost recall when removed: R@10 falls to
91.4% without the presence loss and 93.2% without diversity. Each
term does distinct work. The presence loss is what makes gating
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Table 2: Component ablation. Each row removes exactly one mechanism; architecture, data and the remaining losses are held
fixed, on the same converged schedule as Table 1. Rows are normalized to SetMIR and K is absolute at 7=0.3. Each mechanism is

discussed in §4.2.2.

Variant K R@1 R@5 R@10 R@100 HR@100 NDCG@100 MRR
SetMIR (full) 6.70  100%  100%  100% 100% 100% 100%  100%
— presence loss 8.23 97.1% 90.4% 91.4% 91.3% 88.4% 92.9%  97.4%
— diversity loss 7.55 88.5% 90.6% 93.2% 91.8% 91.5% 93.3%  95.7%
argmax assignment  2.16 62.1% 63.2% 63.5% 69.1% 73.2% 63.1%  56.4%

Table 3: K sweep experiment. All rows share architecture, optimization, and training duration; only K varies. Each metric is
normalized so that the single-query (K=1) configuration equals 100%. The second column reports K, the average number of

presence-active queries.

K K R@! R@5 R@10 R@100 HR@100 NDCG@100 MRR
1 1.00  100%  100%  100% 100% 100% 100%  100%
3 3.00 108.4% 133.5% 137.5% 137.2% 110.8% 130.7% 112.4%
5 472 113.2% 145.8% 151.1% 148.6% 113.3% 141.6% 117.2%
7 575 112.3% 147.6% 154.7% 151.9% 114.2% 144.2% 117.8%
10 670 113.0% 148.3% 155.0% 152.8% 114.1% 145.8% 118.9%
15 7.59 112.8% 148.6% 155.1% 152.6% 114.1% 145.9% 118.4%

Table 4: Ablation of the a-gated event-type embedding: percentage change from a no-event-type-embedding baseline at three
training durations. All other architecture and training settings are held fixed.

Steps AR@1 AR@5 AR@10 AR@100 AHR@100 ANDCG@100 AMRR
30K +5.1% +2.6%  +3.0% +1.7% +0.5% +2.9%  +3.0%
60K  +7.6% +5.6%  +4.0% +1.8% +0.5% +4.3%  +5.3%
120K +8.2% +6.9%  +5.0% +3.2% +1.6% +5.2%  +5.6%

learnable: left unsupervised, o(#;) carries no information about
whether a query is warranted, so thresholding at 7=0.3 admits 8.23
queries rather than 6.70 and still loses recall, which is more calls
for less return. The diversity term acts on query redundancy, and
mean pairwise cosine among the K query embeddings rises from
0.298 to 0.321 when it is removed. Across the three, the assignment
dominates: it costs 36.5% of R@10 against 8.6% and 6.8% for the
presence and diversity terms, so one-to-one matching carries the
retrieval quality while the two losses contribute smaller, separate
effects.

4.2.3 K sweep. Having established that SetMIR improves on prior
learned multi-interest retrievers, we now vary the number of de-
coder queries K while holding the rest of the configuration fixed
(Table 3). The K=1 row serves as the single-query configuration.
Three patterns stand out. First, increasing K produces large recall
gains. K=10 reaches 155% of the K=1 R@10 and 153% of the K=1
R@100. The largest jump is from K=1 to K=3, indicating that even
a small number of additional interest queries captures most of the
available gain. Second, gains are larger at deeper retrieval depths.
The lift from K=1 to K=10 is wider on R@10/R@100 (+55%/+53%)
than on R@1/HR@100 (+13%/+14%), consistent with multi-interest
retrieval broadening the candidate surface rather than only improv-
ing the top hit. Third, gains gradually saturate as K increases. K=7
already reaches 99.8% of K=10’s R@10, and K=15 is within +0.5%

of K=10 across all columns. The K column makes this explicit: K
grows sublinearly with K (4.72 at K=5, 6.70 at K=10, only 7.59 at
K=15), so even when 15 queries are available the model commits
to fewer than 8 on average; the effective number of interests is
bounded by the data, not by K.

4.2.4 Event-type embedding. Table 4 isolates the a-gated event-
type embedding of §3.2. The event signal helps consistently, and
its effect grows with training duration. Because « is initialized
at zero, the model first matches the no-event baseline and then
gradually learns how much event-type information to add: the
R@10 gain rises from +3.0% to +5.0% between the shortest and
longest schedule. The gain is strongest near the top of the ranking
(AR@1= +8.2% vs. AR@100= +3.2%), which complements the K
sweep, where the multi-interest gain is more visible at depth.

4.2.5 Data scaling. Table 5 sweeps the number of training users.
Each metric is normalized so that the smallest scale (100K users)
equals 100%. Performance scales smoothly with training data: 1M
users lifts the R@100 to 1.66x and HR@100 to 1.45%, while 10M
users further improves the R@100 and HR@100 to 2.18% and 1.69X,
respectively.

4.2.6 Inference-time gating and dispatch reduction. Table 6 tests
whether gating and NMS deliver the dynamic K < K dispatch that
replaces static all-K retrieval, serving one K=10 checkpoint under
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Figure 3: Qualitative retrieval comparison for one user. The figure labels “Single embedding (K=1)” and “Multiple embeddings
(K=10)” correspond to the single-query baseline and SetMIR respectively; per-query rows are labeled “head k”, each corresponding
to one of SetMIR’s K interest queries with its o(presence) score from the gating step. The user’s history spans shirts & tops,
pants, dresses, shoes, skirts, handbags, and accessories. The single-query baseline collapses onto pants; SetMIR’s five active
queries each specialize in a distinct category, while a near-duplicate query (head 1) is removed by NMS for overlapping with
head 3.
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Table 5: Training-data scaling sweep. All rows share architecture and training recipe, and each is trained to convergence; only
the number of training users varies. Each metric is normalized so that the smallest scale (100K users) equals 100%.

Train users R@1 R@5 R@10 R@100 HR@100 NDCG@100 MRR
100K 100% 100% 100% 100% 100% 100% 100%
1M 179.1% 181.2% 179.2% 166.9% 145.1% 175.1% 171.0%
10M 247.5% 262.5% 258.4% 218.5% 169.7% 243.3%  231.2%

Table 6: Serving ablation. One checkpoint served under three
dispatch policies; no retraining. ANN calls is the mean num-
ber of per-request ANN queries actually issued, and metrics
are normalized so that static all-K dispatch equals 100%. Pres-
ence gating removes 23% of the ANN calls at 99.4% of R@10
while improving R@1, and NMS at Sxms=0.90 removes a fur-
ther 1.03 calls at 99.2% of R@10, so the two together issue 6.70
of 10.

Dispatch policy ANN calls R@1 R@10 MRR
static all-K (z=0) 10.00 100% 100% 100%
+ presence gating (7=0.3) 7.73  101.9% 99.4% 100.7%
+ query-level NMS (6=0.9) 6.70 101.8% 99.2% 100.7%

three policies. Gating accounts for most of the reduction (10 — 7.73
calls of the 10 — 6.70 total), and it slightly improves R@1 and MRR,
because suppressing low-confidence queries removes candidates
that would otherwise dilute the merged list. The two knobs are
complementary rather than interchangeable: gating asks whether
the user has the interest at all, which the head is trained to answer,
whereas NMS applies a purely geometric test to whichever queries
survive, so each removes calls the other keeps. Loosening the gate
below 7=0.30 buys little (99.4% — 100% R@10 for 7.73 — 10 calls),
so we deploy 7=0.30 with dnms=0.90.

4.3 Online Experiment

We deployed SetMIR as a new retrieval source in the Snap DPA
production stack and ran a live A/B test with the downstream
ranker held fixed. SetMIR uses its default inference policy and its
own ANN index built from the same pretrained content-embedding
model. The experiment ran on a representative live-traffic slice
for about one week; exact traffic fractions, sample sizes, and sig-
nificance thresholds are omitted per Snap’s policy. We report two
analyses from this single A/B: (a) the group-level lift of treatment
over control, capturing SetMIR’s overall contribution to the pro-
duction stack; and (b) a source-level comparison of SetMIR versus
the embedding-based item-to-item (I2I) matching retrieval source
running alongside it in the treatment arm.

(a) Overall contribution to the production stack. The control
retains the current Snap DPA retrieval mix; the treatment adds
SetMIR as a new retrieval source while keeping the global retrieval
quota unchanged. Adding SetMIR lifts user impressions by +0.10%,
CTR by +0.21%, and CVR by +3.11% (Table 7, column (a)).

(b) Per-source comparison vs item-to-item retrieval. Item-to-
item (I2I) retrieval dispatches a user’s recent engaged high-intent
products directly as ANN seeds, sharing SetMIR’s input signal,

Table 7: Online A/B results from a single live experiment. (a)
Group-level engagement lifts of treatment (production stack
+ SetMIR) over control (production stack). (b) Source-level en-
gagement attribution within the treatment arm, comparing
SetMIR against the item-to-item (I2I) retrieval source run-
ning alongside it under matched per-source retrieval quota.
Downstream ranker held fixed across both analyses.

Metric  (a) A vs control  (b) A SetMIR vs 121
CTR +0.21% +44%
CVR +3.11% +51%

frozen item embeddings, ANN index, and per-source retrieval quota;
the two differ only in how the query vectors are produced. Since 121
already dispatches several seeds per request, this is a comparison
between two ways of choosing a small set of query vectors, and
serving cost is comparable because both issue a few single-vector
ANN lookups per request. Attributing engagement to each source
within the treatment arm, SetMIR achieves +44% CTR and +51%
CVR over I2I (Table 7, column (b)), isolating the value of the learned
encoder—decoder, Hungarian matching, and presence head over the
simpler heuristic of dispatching engaged history items directly.

4.4 Qualitative Analysis

Figure 3 visualizes the interest collapse failure mode on one user:
although the user’s history spans shirts & tops, pants, dresses, shoes,
skirts, handbags, and accessories, the single-query (K=1) baseline
returns only pants. SetMIR’s five active queries each specialize in a
distinct interest cluster, so the merged retrieval covers most of the
user’s interest mix.

5 Conclusion

We presented SetMIR for multi-interest retrieval. The model uses
K learnable interest queries, Hungarian matching against engaged
targets, and a presence head supervised by the matcher. Together,
these components address interest collapse at training time and
static dispatch at serving time: presence gating and query-level NMS
turn the fixed query bank into a request-dependent set of active
ANN queries, all served by a single-vector item index. On Snap DPA,
SetMIR outperforms four learned multi-interest retrievers on every
metric while issuing 33% fewer ANN queries per request. Deployed
as a new retrieval source in the production stack, SetMIR lifts CVR
by 3.11% over the existing retrieval mix and delivers 44% higher
CTR and 51% higher CVR than the item-to-item source running
beside it.
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