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Abstract

Generative retrieval (GR) has emerged as a strong candidate gen-
erator for sequential recommendation as language models and
semantic-item identifiers have improved. However, GR is not a
uniformly stronger replacement of dense retrieval (DR) in online
retail candidate generation. We examine their differences on two
Amazon Toys datasets under different metrics. GR leads on best
relevant item value among users both methods cover, while DR
leads on exact-target recall and relevant value across the ranked list.
With deep analysis, we find that popularity contributes the most to
GR’s measured value lead. Adding the same static item value to DR
in one reranking step reverses this lead and keeps recall above GR.
Finally, on an industrial-scale internal e-commerce dataset with
LLM-judged relevance, we show that a 14B SID-LLM still under-
performs a 47X smaller dense encoder. Our code and artifacts are
open-sourced at https://anonymous.4open.science/r/gr-dr-release-
BCE4.
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1 Introduction

Dense retrieval (DR) has long been a standard candidate-generation
approach for recommendation. It encodes a user’s interaction his-
tory and catalog items in a shared embedding space, then retrieves
nearby items [3, 36]. Advances in language models and semantic
IDs have made generative retrieval (GR) an increasingly viable al-
ternative. GR represents items with semantic IDs and generates the
next item’s ID one token at a time [6, 21, 25, 31, 32]. Recent work
has demonstrated GR at industrial scale [26, 41-43], but its use does
not establish that it consistently outperforms or can replace DR in
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Figure 1: GR and DR use the same user history but generate
candidates through semantic ID decoding and dense search.
GR leads on best item value, while DR leads on exact target
retrieval and full list value. A static prior reranks DR candi-
dates and moves the potential valuable item into the top k.

candidate generation. As shown in Fig. 1, normally DR retrieves
the held out next item more often, while GR’s best relevant item
has higher value on average for users both methods cover.

The apparent winner depends on how retrieval is evaluated.
This metric choice is particularly crucial in e-commerce candidate
generation, where retrieved products differ not only in relevance to
the user but also its commercial value. To understand why, we need
to know whether GR’s value lead comes from the user’s history
or from generally valuable items. Recall and target NDCG show
whether the held out item is retrieved and where it ranks. They do
not account for other relevant items, their ranks, or their value.

To understand the disagreement, in this paper, we measure both
the best relevant item and relevant value across the full list. We ap-
ply these metrics in controlled GR and DR comparisons on Amazon
Toys 2014 and 2023 [11, 14, 23, 25, 35]. The metric disagreement
persists on both public e-commerce datasets. From analysis, popu-
larity is the largest component of GR’s measured value lead. Among
users where GR wins, popularity contributes 49.8% of its value lead
on 2014 and 65.4% on 2023. Reranking DR with the static item value
score reverses the best item value gap while preserving a recall
lead over GR. Further checks with cold targets, substitute credit,
a random control, and graded industrial relevance do not reveal a
consistent GR advantage. Our main contributions are:

o We define complementary metrics for sequential recommen-
dation in e-commerce scenario and show that they favor
different methods in the GR and DR comparison.

e We decompose GR’s measured value lead and find that pop-
ularity is its largest component on both public datasets.

e We propose a training-free value prior, applied to DR as a
single rerank of its retrieval results. This reverses GR’s lead
in best relevant item value while preserving DR’s recall lead.
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2 Related Work

The Generative Turn for Retrieval Systems. Prior to decoder-only
approaches, sequential recommendation models for retrieval have
been prevalent in production [3, 36]. The canonical dense retrieval
(DR) is therefore defined as bidirectional sequential models for next-
item prediction [13, 18, 30]. Generative retrieval (GR) enters the
foreground as a constrained autoregressive decoding mechanism
to generative identifier tokens, semantic IDs (SIDs), mappable to
an underlying item, whose codebook construction follows RQ-VAE
[6, 21, 31, 32]. SID generative retrieval benefits from the rise of
LLMs and demonstrates generalization, establishing itself for indus-
try applications [25, 26, 41-43]. Note that GR umbrellas non-SID
approaches such as P5 and HSTU [9, 22, 38]. Our controlled DR-GR
comparison is grounded on LIGER, while research on GR’s scaling
difficulties and DR’s capacity limits bounds our conclusions without
determining them [24, 33, 35].

Difficulty of Retrieval Evaluation. Offline recommendation evalu-
ation suffers from sensitivity to missing feedback, candidate sam-
pling and temporal splitting decisions (2, 4, 5, 17, 20, 27]. Audits
on these decisions reveal that they can change recommendation
rankings, while recent studies identify GR artifacts from SID colli-
sion and benchmark shortcuts([8, 10, 12, 29, 40]. Our contribution
identifies substitute non-identifiability under exact-target metrics
and show how it worsens with catalog scale.

Popularity Bias is a Static Prior. In recommendation, popularity
of certain products are deeply associated with benchmark accu-
racy [15, 28]. However, popularity also presents itself as a bias that
degrades exposure and fairness for non-popular items [1, 19]. Pop-
ularity bias in GR becomes prominent due to inherent bias within
LLMs [7, 37, 39]. While these works mitigate popularity bias, our
result show that under a same model GR-DR comparison, the ad-
vantage from popularity is replaceable by a user-independent prior
that can be transferred to DR without decoding.

3 Controlled Comparison Setup

Problem Definition. In the e-commerce setting, for each user u,
let hy, = (i1, ..., i) denote the observed user product interaction
history and y,, = i;+1 the held out next item. A candidate generator
x uses h, to produce the ranked list

k .(1 .(k
Li(u) = (1,(“2 . lfm))
where l,((],z is the item at rank j.

Models. We compare GR and DR using the TIGER and LIGER
framework [25, 35]. Both arms use the same interaction data, item
catalog, and jointly trained T5 encoder decoder. GR decodes valid
semantic IDs through prefix constrained beam search, while DR
ranks items by cosine similarity using the encoder representation
of the same history. Thus, the arms differ mainly in their retrieval
readout.

Datasets. Our public evaluation uses the 2014 and 2023 releases
of Amazon Toys. The 2014 dataset contains 11,924 items and 19,412
user histories under a leave last out split. Among their held out
targets, 19,116 were seen during training and 296 were absent from
training. Our results reproduce the LIGER Recall@10 values, while
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our GR recall exceeds the published TIGER result. The 2023 catalog
is 13.6% larger, which tests whether the observed pattern and the
proposed intervention survive a substantial increase in catalog scale
[14]. We transfer the value weights and reranking coefficient from
2014 to 2023 without change unless stated otherwise.

4 Evaluation Metrics

We compare GR and DR by asking which retrieved items are rel-
evant and how much value they carry. A relevance labeling rule
qu (i) € [0, 1] assigns evaluation credit after ranking and is not a
model score. It may credit only the held-out item, include substitute
candidates, or assign partial credit through graded judgments. In
contrast, v; € [0, 1] measures a static property of item i. For any
rule g, the relevant set with k candidates is defined as

k . k .
RE(usg) = {i € LE(w) | qu(i) > 0},
This definition keeps relevance and item value separate across
evaluation protocols. In this section, We first define exact-target
and category-based relevance, then introduce static catalog value,
and finally combine them at the best-item and whole-list levels.

4.1 Exact-Target Retrieval

The conventional next item protocol assigns credit only to the held
out item, as defined by ¢&**°*(i) = 1[i = y,]. Recall@k measures

u
whether this item appears in the top-k results.

1
Recall, @k = — Z 1y, € Lf(u)].
|U|
uel
NDCG@k evaluates the same target with a rank discount [16]. Both
metrics measure recovery of the observed next interaction and give
no credit to other potentially useful items.

4.2 Beyond Exact Match: Substitute Blindness

Exact target evaluation cannot distinguish a substitute from an
irrelevant item because both receive zero credit. We refer to this
limitation as substitute blindness. Therefore we define a coarse proxy
for substitute-aware relevance using the shared leaf category as

qi (i) = L[leaf (i) = leaf(yu)],  S(u) = {i # yu : g (i) = 1}.

where leaf (i) and leaf(y,,) identify the leaf categories of candidate
item i and the held-out target. An item receives ¢5**(i) = 1 when
their categories match. A larger substitute set |S(u)| makes an exact
miss less informative, but category overlap alone does not establish
that two items are substitutes. We therefore stress-test this proxy
using co-purchase credit, a mass-matched random-credit control,

and LLM-judged graded relevance in Section 6.

4.3 Static Item Value

Relevance determines whether an item is useful for a given user.
In e-commerce, products also differ in static catalog attributes that
may matter to the platform. We summarize these attributes with a

transparent item-value proxy
0;(W) = wp pop; + w, rate; + wp brand;, w, +w, +wp =1. (1)

Here, pop;, rate;, and brand; are the catalog-percentile ranks of
log popularity, the Wilson lower bound on star rating, and brand
footprint, respectively [34]. All weights are nonnegative. Unless
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Table 1: Amazon Toys results. Positive ABV@50 values favor
the listed method over GR. Best values are bold.

Recall@50  NDCG@50 ABV@50 vNDCG@50
Method 2014 2023 2014 2023 2014 2023 2014 2023
GR 0.167 0.052 0.056 0.017 - — 0215 0.160
DR 0.228 0.084 0077 0.029 —0.020 —0.016 0222 0.168

DR+prior 0.210 0.083 0.072 0.028 +0.023 +0.006 0.240 0.175

otherwise stated, we use the default weights w = (0.25, 0.25, 0.50).
This score is a transparent proxy for item value, not a universal
measure of recommendation utility. In the sensitivity analysis, we
vary w over nonnegative mixtures whose components sum to one.
Unlike gy, (i), which varies across users and relevance labeling rules,
v;(w) is computed once for each catalog item.

4.4 Best-Item Value vs. Whole-List Value

Having defined relevance g and item value v separately, we evaluate
each ranked list using two complementary metrics.

Conditional best-item value (BV). BV asks how valuable the best
relevant item returned by method x is for user u.
BV)IE(u; ¢, w) = max v;(w).
i ER’; (u;9)
In our main analysis, BV uses the binary category rule ¢** from
Sec 4.2 to select relevant items but does not weight them by rele-
vance magnitude. Let C,]Z . denote the users for whom both method
x and comparator a retrieve at least one relevant item. We report
their average gap as
1

Cxal

ABV,_,@k = Z [BVE (1) - BVE ()],

ueC,’f)a

where g and w are omitted for readability. We compare the BV
scores of methods x and a for each user u. A difference above
7 = 0.05 is a win for x, a difference below —7 is a win for a, and all
other differences are ties.

Whole list Value. BV focuses on the best relevant item. Its com-
parison includes only users with a relevant item from both methods.
To score the full top k list for every user, we use NDCG with item
value weights (YNDCG). Each item contributes its relevance times
its value, with less credit at lower ranks. For method x and user v,
leti; = l,((],z be the item at rank j. The list score is
qu(ij)oi; (W)

k
vDCGE (u) = : .
« Z log,(j +1)

Jj=1
For each user, we pool the items returned by all methods and rank
them by relevance times value, g, (i)v;(w). The discounted score
of the top k items is the ideal score IDCG* (). We divide each
method’s score by this shared score, then average across users

vDCGk (u)

1
vNDCG, @k = — .
|U| MGZL, IDCG* (u)

If the ideal score is zero for a user, their vNDCG score is zero. All
methods use the same ideal score for each user, so their scores can
be compared within the fixed pool. Absolute scores from different
method pools should not be compared directly. To check whether

CIKM °26, November 7-11, 2026, Rome, Italy

GR wins >2x as often

a) Best relevant item (BV@50)

GR Tie
2014 19.8% 71.5%
2023 21.5% 68.9%
n=156,797

b) Whole-list value (\NDCG@50) DR + prior is highest

2014 2023
8.2% 042;40 0168 +4.2% 0.]_;_75
0.222 - -
0.215 z 0.160 ®
[ ] - [ J
GR DR + prior GR DR + prior

Figure 2: Metric choice reverses the result. (a) GR wins more
often under BV@50 in both datasets. (b) Under vNDCG@50,
DR scores higher than GR and DR+prior scores highest. Error
bars show standard errors for adjacent differences.

coverage alone explains the metric gap, we also compare BV over
all users, performing imputation by assigning zero when a method
retrieves no relevant item.

5 From Metric Dependency to a Static Prior

We now apply these complementary metrics in a three-step analysis.
We first show that GR leads on BV while DR leads on vNDCG. We
then measure how popularity, rating, and brand contribute to GR’s
value advantage. Finally, we rerank DR with the same static item
value and test whether the gap reverses.

5.1 The Metric-Dependent GR-DR Gap

We begin with the empirical disagreement. GR leads on BV, while
raw DR leads on vNDCG@50, Recall@50, and target NDCG@50
on both datasets as shown in Table 1. GR wins the paired BV com-
parison more than twice as often as raw DR (Figure 2(a)), and its
lead remains when users without a relevant retrieved item receive
zero. DR’s vNDCG@50 lead is 2.9% in 2014 and 5.1% in 2023, with
confidence intervals above zero (Figure 2(b)). Value weighting com-
presses DR’s relevance advantage by an order of magnitude. We
conduct a full sweep on value weights to demonstrate robustness.
Across the 231-point weight simplex shown in Fig. 3, the sign of the
vNDCG gap holds on 223 points on 2014, failing only in popularity-
dominated edge cases, and on all 231 points on 2023.

5.2 Diagnosing GR’s Value Advantage

Among users where GR wins BV, we use Equation 1 to break its
value lead over DR into popularity, rating, and brand. Popularity
contributes for 49.8% of the lead on 2014 and 65.4% on 2023. It is
the largest component on both datasets, and its share is higher on
the larger 2023 catalog. Rating and brand contribute the remainder,
but neither provides the same cross-dataset dominance.

This pattern narrows the interpretation of GR’s value edge. Each
value component is computed once per item and does not depend on
the current history. The measured lift is therefore largely captured
by static item-level properties, especially popularity. Repeated ex-
posure in training offers a possible explanation for GR’s value lead.
The released 2014 popularity score correlates with how often held
out targets appear in training histories (Spearman p = 0.582). At
least ten training histories contain 50.3% of held out targets in 2014
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Figure 3: Sign of the raw DR-vs-GR vNDCG@50 gap over the
static value on Amazon Toys datasets. Grid step is 0.05.

and 75.1% in 2023. GR may learn a preference for frequently seen
items while predicting their semantic IDs. This could contribute
to its lead because popularity is part of the item value score. That
statement yields a falsifiable implication. If static item properties
account for the operational advantage, then explicitly adding the
same information to DR should reproduce it without autoregressive
decoding.

5.3 Transferring the Static Prior to DR

To test whether static item value can close GR’s lead in BV, we
rerank DR’s top 200 candidates for each user. We call this method
DR+prior. DR+prior scales the DR similarity scores to 0, 1 within
each pool, then average each score with the item’s value v;(w)
using the default weights from BV in Sec 4.3. Because BV uses the
same item value, this test checks whether an explicit catalog prior
can reproduce GR’s measured lead. This requires no retraining or
decoder at serving time. We score each candidate by

ou(i) = (1-a)$,(i) + av, a=05 1i€P,

As results, adding the prior turns DR’s BV@50 deficit against GR
into a lead. On 2014, DR moves from trailing by 0.020 to leading by
0.023. On 2023, it moves from trailing by 0.016 to leading by 0.006.
As shown in Table 1, DR+prior also has the highest WNDCG@50
on both datasets, at 0.240 and 0.175. Its Recall@50 declines from
raw DR but stays above GR.

6 Robustness Beyond Exact-Match Evaluation

The public results show that the item prior closes GR’s value gap.
We now test whether GR does better on cold targets or when useful
alternatives to the held out target receive credit. For the latter,
we use public substitute evidence and graded judgments on an
industrial recommendation dataset.

6.1 Cold Items

We test whether generation helps retrieve targets absent from in-
teraction training. GR finds none of 296 cold targets on 2014 and 5
of 1,899 on 2023. DR finds 47 and 27, while DR+prior finds 36 and
21, respectively. Both DR methods find more cold targets than GR
on each dataset.

6.2 Substitute Credit and Graded Relevance

An exact target miss does not tell us whether a list contains a useful
alternative. For the median user, the held out target has 157 same-
leaf alternatives on 2014 and 1,046 on 2023, a 6.7X increase. Among
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Table 2: Substitute credit on 2014. The last column shows
the extra shift toward GR from co purchase credit compared
with random credit of equal total weight.

DR-GR Real-random credit

Recall@50, exact only  +0.0447 —
+ co-purchase credit ~ —0.0183 —-0.0190
+ graded NDCG@50 +0.0153 +0.0111

Table 3: Industrial dataset evaluation under an LLM-judge.

Population (NDCG@50) GR DR DR+prior
Full evaluation set (n = 5,998) 0.453 0.474 0.530

DR’s 8,635 exact target misses on 2014, 58.2% include an item from
that category in the top 50 while the target ranks beyond 200. In
another 25.7%, the target ranks between 50 and 200. GR finds the
exact target in only 748 of these DR misses, so the misses alone do
not show an advantage for GR.

We give binary credit to items linked to the target in Amazon co
purchase data, which is reported in Table 2. In this test, a 0.0447 lead
for DR under exact Recall@50 becomes a 0.0183 lead for GR. For
the binary test, randomly chosen items given the same amount of
credit move the gap at least as far toward GR. With graded NDCG,
DR leads again by 0.0153. The binary reversal therefore does not
establish that GR retrieves better alternatives. Leaf category overlap
and co-purchase links are imperfect evidence of usefulness. We next
test graded relevance on the industrial dataset.

6.3 Industrial LLM-Judged Relevance

The industrial evaluation uses real e-commerce interaction histories
and a product catalog. GR uses a Qwen3 14B model that generates
semantic IDs, while DR uses a GTE encoder with about 300 million
parameters. GR has roughly 47X as many parameters. A substitute-
aware LLM judge calibrated with 250 human labels scores each
candidate’s relevance from zero to one, allowing partial credit for
useful alternatives. Because the models differ in backbone and size,
this evaluation tests whether the public result also holds in this
setting. It cannot isolate the effect of retrieval architecture. Table 3
shows that giving useful alternatives graded credit preserves the
order GR < DR < DR+prior on the industrial dataset. The prior
raises DR’s NDCG@50 by 11.8%.

7 Conclusion

In this paper, we revisited the GR and DR in a controlled e-commerce
comparison and we find two distinct parts to GR’s measured advan-
tage. First, metric choice changes the apparent winner. GR leads
on the value of the best relevant item, while DR leads on exact
target recall and relevant value across the ranked list on both pub-
lic datasets. Second, popularity makes the largest contribution to
GR’s value lead. Adding the same static item value to DR in one
reranking step reverses this gap while preserving DR’s recall lead.
Cold target and substitute credit checks do not reveal a broader
GR advantage. Graded judgments on an industrial dataset place
DR above a larger GR model and DR with the prior above both.
These results make DR with a static value prior a useful baseline
for future GR systems.
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