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Abstract

Generative Retrieval (GR) maps queries to doc-
uments by generating discrete identifiers (Do-
cIDs). However, offline DocID assignment
and constrained decoding often prevent GR
from capturing query-specific intent, especially
when documents express multiple or unseen in-
tents (i.e., intent misalignment). We introduce
Dynamic Docid Decoding (D3), an inference-
time mechanism that adaptively refines DocIDs
through delayed, query-informed identifier
expansion. D3 uses (a) verification to detect
intent misalignment and (b) dynamic decoding
to extend DocIDs with query-aligned tokens,
even those absent from the pre-indexed vocabu-
lary, enabling plug-and-play DocID expansion
beyond the static vocabulary while adding min-
imal overhead. Experiments on NQ320k and
MS-MARCO show that D3 consistently im-
proves retrieval accuracy, especially on unseen
and multi-intent documents, across various GR
models, including a +2.4%p nDCG@ 10 gain
on the state-of-the-art model.

1 Introduction

Generative Retrieval (GR) retrieves documents by
generating their discrete identifiers (DoclDs), offer-
ing a lightweight alternative to dense retrieval (Lee
et al., 2023a; Kuo et al., 2024; Zhang et al., 2024).
By formulating retrieval as sequence generation,
GR simplifies the information retrieval pipeline and
reduces dependency on large vector indices (Sun
etal., 2024).

However, current GR systems rely on DoclDs
constructed offline, and decode only within a fixed
prefix tree. This design creates a fundamental in-
tent misalignment: the model may prefer tokens
that better capture the query’s intent but is restricted
to those present in the pre-indexed DocID space
(e.g., trie). As a result, GR often fails when docu-
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Figure 1: Comparison of standard GR with D3. (a)
Query-aligned tokens (e.g., “wall”) may not exist in the
prefix tree, causing retrieval failure. (b) Constrained de-
coding forces selection among valid DoclDs, capturing
only a coarse, high-level aspect of the query intent such
as “China-history”. (c) D3 detects intent misalignment
through verification and dynamically extends DocIDs
with query-aligned tokens, aligning retrieval with the
user’s intent.

ments express unseen or multiple intents not cov-
ered by the static DoclDs.

Figure 1 illustrates this issue. (a) The of-
fline DoclID trie contains no branch encoding the
intent-aligned combination “China—wall.” (b) Con-
strained decoding thus settles for “China—history,”
the closest valid prefix, even if it does not match the
query intent. Prior attempts to increase coverage
such as assigning multiple DocIDs per document
partially mitigate this problem (Bevilacqua et al.,
2022; Li et al., 2023), but they incur high com-
putational cost, risk identifier collisions, and still
cannot anticipate all possible intents (Yuan et al.,
2024).

To address these, we propose Dynamic Docid
Decoding (D3), a delayed refinement at inference-
time that combines verification with dynamic de-
coding. Verification compares constrained and
unconstrained next-token distributions to detect
when DoclID prefix fails to capture the query in-
tent. Dynamic decoding activates only when mis-
alignment is detected, extending the prefix with
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query-informed tokens, even if they lie outside the
pre-indexed vocabulary. A lightweight document-
aware lexical signal ensures the extended identifiers
remain faithful to the underlying document, while
reusing model logits keeps overhead minimal.

Experiments show that integrating D3 with exist-
ing GR models consistently improves performance
while minimizing latency overhead. Notably, D3
yields average gains of +0.9%p on NQ320k and
+3.2%p on MS-MARCO, with particularly strong
gains on unseen and multi-intent settings. These
results demonstrate that inference-time, query-
adaptive refinement without retraining is a pow-
erful and broadly applicable enhancement to GR
systems.

2 Related Work

GR typically consists of two stages, indexing and
decoding. We review prior works in each stage and
discuss their limitations leading to misalignment.

Indexing in GR In the indexing stage, each doc-
ument is mapped to a compact DocID intended to
represent its semantics (Tay et al., 2022). Exist-
ing methods fall into two main categories. Mullti-
identifier indexing constructs multiple DocIDs per
document to broaden intent coverage by enumerat-
ing diverse surface forms such as titles, substrings,
or pseudo queries (Bevilacqua et al., 2022; Li et al.,
2023, 2024a,b). Learnable DoclD indexing learns
a trainable DocID that captures document’s domi-
nant semantics and is optimized from the indexing
objective (Lee et al., 2023b; Zhang et al., 2024;
Zeng et al., 2024). Despite these advances, all of
them still rely on offline indexing, which cannot in-
corporate query-informed signals at inference time.

Decoding in GR For a given query, the decoding
stage generates sequences of discrete generation
tokens from the model’s vocabulary as DoclDs,
typically using constrained beam search that re-
stricts generation to the pre-indexed DoclIDs. Re-
cent improvements focus on reordering or reweight-
ing these tokens within valid DocIDs (Zhang et al.,
2024; Zeng et al., 2024), but none can generate
tokens outside the indexed space. Thus, when the
query requires tokens absent from pre-indexed trie,
constrained decoding must settle for suboptimal
alternatives, causing misalignment.

Our Distinction D3 improves accuracy through
two components: verification, which detects when

a DocID misaligns with a query intent, and dy-
namic decoding, which selectively extends Do-
cIDs at inference time to better reflect query intent.

3 Proposed Method: D3

This section formally defines intent misalignment
(83.1) and introduces D3, which addresses it via
verification (§3.2) and dynamic decoding (§3.3).

3.1 Motivation: Definition of Misalignment

In GR, the intent misalignment arises from the gap
between the indexing and decoding stages, both
of which prevent generating intent-aligned tokens
even when they have high probability.

Offline DocID Indexing During indexing, each
document d is assigned query-agnostic DoclID z:

z = argmax p(v|d), €))

optimized only from document content or training
queries. Because this stage does not incorporate
query-time intent, the resulting DocIDs often fail
to represent unseen or multi-intent semantics that
only become evident at inference.

Constrained Generation At inference time, a
query ¢ is mapped to DocID through constrained
beam search:

T

po(zirlg) = [ [ poatlzr,q) (e €V)) (@
t=1

where V4 is the set of valid next tokens in prefix
tree. If the model’s preferred token lies outside this
set, it is forced to choose a lower probability but
permitted alternative.

Intent Misalignment We formalize misalign-
ment by comparing the model’s token choice with
and without constraints, denoted as zy, and zyo.

Zw = argmax pg(2z¢|z<t, q),
2zt €V

Zwo = argmax py (2| z<t, q),
Z2 €V

3)

where V' denotes entire token set. We define mis-
alignment as zy, # 2Zwo, indicating that the model’s
true preference is blocked by the prefix tree.

As shown in Figure 2(a), a query about “the
Great Wall of China” leads the unconstrained
model to prefer “wall,” but the trie lacks any China-
wall branch. Constrained decoding instead outputs
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Figure 2: Comparison of (a) constrained decoding and (b) D3. In (a), constrained decoding restricts token selection
to pre-indexed DoclDs in prefix tree. When a query requires tokens such as “wall” that do not exist along any valid
path (no “China-wall” branch), the model is forced to choose suboptimal alternatives (“China-history”), leading to
misalignment. In (b), D3 resolves this via two mechanisms: First, verification detects misalignment by computing
the probability gap (c;) between constrained and unconstrained distributions. When misalignment is detected,
dynamic decoding extends DocID with query-aligned tokens (“wall,” “great,” “built”), weighted by both model
probability and term weight, yielding extended DoclID (“China-fortress-wall”) that better capture the query intent.

Dataset Rate of misalignment at ¢-step (%)

1st 2nd 3'r’d 4th 5th 6th 7th

NQ320k 126 204 255 - - - -
MS-MARCO 21.0 322 460 572 67.7 754 80.0

Table 1: Cumulative rate of queries where the generated
tokens do not belong to the predefined index at each step.
We use GLEN trained to produce DoclDs of length 3
on NQ320k and length 7 on MS-MARCO.

“history,” yielding DocIDs such as China-history
that miss the intended meaning. This example illus-
trates why conventional GR methods suffer from
suboptimality by overlooking a misalignment.

Instead, we argue model should enforce align-
ment (i.e., 2w = 2Zwo) as queries and documents
are not naturally aligned. To empirically show how
the misalignment occurs in real-world scenario, we
measured the cumulative rate of queries with this
mismatch. As shown in Table 1, misalignment ap-
pears in 25.5% of NQ320k queries and 80% of
MS-MARCO queries. These results support our
motivation that offline indexing and constrained
decoding limit the model’s ability to capture query-
aligned intent, necessitating dynamic refinement.

Figure 2(b) illustrates our goal to make the con-
strained choice zy, match the unconstrained pref-
erence zyo. Simply expanding the DocID vocabu-
lary is inefficient since most tokens (e.g., 74.5% in
NQ320k) are already aligned. We thus propose a
two-phase solution: (1) detect misalignment effi-
ciently at inference time, and (2) resolve it by dy-
namically refining the DocID with query-relevant
information. The following sections describe how
D3 implements these steps.
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3.2 Verification: Detect Misalignment

A straightforward way to detect intent misalign-
ment is to directly check whether z, # 2y, holds.
However, this binary rule is too brittle, as even
minor or insignificant deviations are treated as
misalignment. We instead relax this criterion by
producing a continuous score, often called confi-
dence (Wang and Zhou, 2024).

A naive formulation compares the probabilities
of zw and zyo,

C?alve = p@(zw) — Do (ZW0)7 “4)
but this score becomes unreliable when the next-
token distribution is flat, making the difference
uninformative. To obtain a more stable signal z,
we adopt margin-based confidence that measures
how much more probable the constrained choice is
compared to the best alternative in the entire token
set:

Ct = Do (ZW) — Do (Zwo) )

Zwo = argmax pg (Zt|Z<t, Q) . (5)
z €V,
2tF 2w

This margin naturally captures alignment. A high
value indicates that z,, remains the model’s global
preference, while low values reveal that constrained
decoding is blocking a more suitable token.

We compute an overall confidence ¢ by aver-
aging ¢; across the prefix. If ¢ < «a, we deem
the prefix insufficiently aligned and activate dy-
namic decoding. Importantly, this verification step
is efficient, as it reuses the probability distributions



already computed during beam search. Thus, it pro-
vides a reliable and low-cost mechanism for identi-
fying when dynamic refinement is truly needed.

3.3 Dynamic Decoding: Resolve Misalignment

When verification detects a significant misalign-
ment (¢ < «), D3 triggers dynamic decoding, ex-
tending the DoclID beyond its predefined length 7.
The goal is to add only the minimal set of query-
informed tokens needed to restore alignment, while
preserving relevance to the underlying document.
A naive approach would search over the entire to-
kens V/, but this is inefficient and likely to intro-
duce noise. Instead, D3 employs a compact, in-
terpretable candidate set and applies a lightweight
document-aware scoring mechanism.

Query-Informed Vocabulary Most diagnostic
intent-bearing tokens are explicitly present in the
query (Saha Roy et al., 2015). Thus, rather than
exploring all of V', we construct a query-informed
vocabulary:

%:Q\{ZT+17”'7Zt—1}7 (6)

where () is the set of unique query tokens, and
previously generated ones are excluded. This dras-
tically reduces the candidate space and ensures that
dynamic decoding focuses on terms most likely to
capture the missing intent!.

Document-Aware Token Scoring Selecting the
highest probability token from V,, alone may pro-
duce tokens irrelevant to the actual document.
To maintain document fidelity, we combine the
model’s preference with lightweight lexical signal:

where score;(2) = pg(2|2<t,q) - s(z,d), (7)

where 5(z, d) is a document-aware term weight?.
The next token is selected as:

Zw = argmax score;(z;) 8
2 €Vy

This scoring serves as a soft conjunction between
two complementary signals. The model probabil-
ity pg(z|z<¢, q) captures semantic relevance to the
query, while the term weight s(z, d) reflects lexi-
cal faithfulness to the underlying document. This
design discourages spurious query terms that are

! An ablation of V is presented in Appendix A.6.
*We use BM25, and other methods are explored in Ap-
pendix A.7.

semantically plausible but absent from the docu-
ment, as well as document terms that are irrelevant
to the query. Overall process of D3 are described
in Appendix A.1.

4 Experiments

4.1 Experimental Setting

Dataset We evaluate D3 on two widely used
datasets across different retrieval scenarios. (1)
NQ320k (Kwiatkowski et al., 2019) is used to
evaluate retrieval performance in a knowledge-
intensive QA setting. Following prior works (Lee
et al., 2023b; Sun et al., 2024), we split test queries
into seen and unseen based on whether their anno-
tated target documents appear as ground truth in
the training queries. (2) MS-MARCO Passage (Ba-
jaj et al., 2016) is a large-scale passage retrieval
dataset designed for real-world applications. We
evaluate on TREC DL 2019 (Craswell et al., 2019)
and 2020 (Craswell et al., 2021), two standard
benchmarks for ranking quality at scale. We use
standard ranking metrics (MRR, Recall, nDCG),
with detailed dataset statistics and metric defini-
tions provided in Appendix A.2 and A.3.

Baselines To ensure an architecture-agnostic and
comprehensive comparison, we evaluate D3 on
both learnable DocID models and multi-identifier
models, covering the major design choices in GR.
For NQ320k, we include TSGen (Zhang et al.,
2024) and GLEN (Lee et al., 2023b), two of the
strongest models in the learnable DoclID setting.
To further evaluate D3 under multiple DocIDs set-
ting, we add SEAL (Bevilacqua et al., 2022) and
MINDER (Li et al., 2023), both of which explic-
itly model diverse query intents. For MS-MARCO
Passage, we use PAG (Zeng et al., 2024), a state-of-
the-art model, along with LTRGR (Li et al., 2024a)
and DGR (Li et al., 2024b) for broader coverage.

Implementation Details See Appendix A.4

4.2 Effectiveness Analysis

We show D3 consistently improves performance
as a plug-and-play component across diverse GR
models, indicating its architecture-agnostic nature.

Effectiveness on Knowledge-Intensive Dataset
(Table 2) NQ320k contains knowledge-intensive
queries and exhibits a well-known performance gap
between seen and unseen documents (Sun et al.,
2024; Zhang et al., 2024). As shown in Table 2, ap-
plying D3 consistently increases confidence scores
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Model Full (6,330) Seen (4,911) Unseen (1,419)
R@1 R@10 MRR@100 Conf. | R@1 R@10 MRR@100 Conf. | R@1 R@10 MRR@100 Conf.
BM25 | 294  60.1 39.9 - | 288 597 392 - | 314 e6l6 42.1 -
SEAL 560 812 65.3 0531 | 643 8638 72.9 0592 | 27.5 617 39.1 0317
.p3 | 576 834 67.2 0.655 | 649 879 737 0.668 | 324 679 4.5 0.623
(+1.6) (+22)  (+19)  (+0.124) | (+0.6) (+1.1)  (+0.8)  (+0.076) | (+4.9) (+62)  (+54)  (+0.306)
MINDER | 624 844 70.6 0564 | 69.3 883 76.4 0621 | 384 710 50.5 0368
+p3 | 833 857 71.6 0.665 | 69.8  89.0 77.0 0.677 | 409 745 53.1 0.623
(+0.9) (+13)  (+1.0)  (+0.101) | (+0.5) (+0.7)  (+0.6)  (+0.056) | (+25) (+3.5)  (+2.6)  (+0.255)
GLEN 69.0 856 75.1 0732 | 724 885 78.3 0756 | 574 756 64.0 0.651
oD | 696 867 75.8 0918 | 729 894 78.9 0798 | 581 777 65.3 0.708
(+0.6) (+L1)  (+0.7)  (+0.186) | (+0.5) (+0.9)  (+0.6)  (+0.042) | (+0.7) (+2.1)  (+1.3)  (+0.057)
TSGen | 704 880 77.1 0950 | 711 884 77.8 0951 | 677 865 74.8 0.947
tp3 | 708 881 77.4 0960 | 714  88.6 78.0 0959 | 68.5 865 75.3 0.963
(+04) (+0.1)  (+0.3)  (+0.010) | (+0.3) (+02)  (+02)  (+0.008) | (+0.8) (+0.0)  (+0.5)  (+0.016)

Table 2: Performance comparison for the proposed method and baseline models on NQ320k. The best performance

for each GR model is marked bold. R and Conf. indicate Recall and average confidence score, respectively.

Model TREC DL 2019 TREC DL 2020
nDCG R Conf. | nDCG R Conf.
BM25 | 506 129 - | 480 164 -
GLEN | 475 102 0366 | 462 159 0376
Lp3 | SL5 132 0560 | 516 162 0464
(+4.0)  (+3.0) (+0.194) | (+54) (+0.3) (+0.088)
LTRGR | 59.8 152 0093 | 555 182 0.9
oDy | 626 161 0709 | 585 197  0.740
(+2.8)  (+0.9) (+0.616) | (+3.0) (+1.5) (+0.644)
DGR 612 151 0096 | 577 201  0.091
oDy | 647 163 0785 | 612 205  0.873
(+3.5) (+1.2) (+0.689) | (+3.7) (+0.4) (+0.782)
PAG 705 267 0091 | 700 236  -0.082
oDy | 729 280 0548 | 704 238 0555
(24)  (+1.3) (+0.639) | (+04) (+0.2) (+0.637)

Table 3: Performance comparison of D3 and baselines
on MS-MARCO. All metrics are reported at @10, and
the best result for each model is shown in bold.

across all evaluated GR models. Specifically, this
higher confidence, indicating a better alignment
between the generated DoclDs and query intents,
translates into substantial gains on unseen docu-
ments. For instance, TSGen, the strongest baseline,
achieves a +0.8%p gain in Recall@1 on the unseen
split of NQ320k when combined with D3.

Effectiveness on Large-Scale Dataset (Table 3)
MS-MARCO Passage poses a different challenge:
its large corpus (8.8M passages) suffers from more
frequent intent misalignment, resulting in lower
baseline confidence. As shown in Table 3, D3 ef-
fectively boosts confidence, which in turn drives
retrieval improvements. Notably, D3 also improves
PAG, which combines lexical and numerical Do-
cIDs, showing that our method is compatible with
hybrid identifier design. For example, on TREC DL
2019, D3 elevates PAG’s confidence from -0.091 to
0.548 (+0.639), yielding a +2.4%p gain in nDCG.

64
62 /
) 60 =9
- -
~ y 4
7,
81 =@— MINDER
MINDER + D3
56 -8~ SEAL
=@- SEAL+ D3
2.0 2.5 3.0 35 4.0
Latency (s)

Figure 3: R@1 versus inference latency comparing base-
lines (solid lines) and the same models with D3 (dotted
lines) on NQ320k.

These findings confirm that by systematically miti-
gating intent misalignment to increase confidence,
D3 remains effective even for large-scale retrieval.

Qualitative Behavior Beyond these quantitative
gains, D3 also produces qualitatively more intent-
aligned DocIDs. Case studies in Appendix A.5
show that D3 selectively adds only the minimal set
of essential tokens such as “congress” or “power”’
depending on query needs, when predefined Do-
cIDs fail to encode fine-grained query intent. These
examples further validate that D3 adapts DocIDs
in a targeted manner without over-refinement.

4.3 Efficiency Analysis

To increase intent coverage, SEAL uses all sub-
strings of a document as DocIDs, and MINDER fur-
ther incorporates pseudo queries as additional Do-
cIDs, sacrificing inference latency. To evaluate effi-
ciency, we compare D3 against these approaches by
manipulating the number of DocIDs. Low-latency
settings are simulated by truncating documents to
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Table 4: Analysis of the NQ320k queries that trigger
D3 during decoding.

| Easy-Intent  Hard-Intent

Model

| R@1  Conf. R@1 Conf.
SEAL 717 0.651 402 0410
+D3 716 0.676 43.5  0.634
MINDER | 76.6 0.667 48.0 0.461
+D3 76.6 0.682 49.9 0.647
GLEN 758 0790 62.1 0.675
+D3 762 0935 628 0.901
TSGen | 772 0966 63.5 0935
+D3 774 0970 641 0950

Table 5: Comparison between Easy-Intent and Hard-
Intent queries on NQ320k.

reduce substring-based DoclDs, while high-latency
settings use DocT5Query expansion (Nogueira
et al., 2019) to enlarge the DoclD set.

Figure 3 shows Recall@1 against inference la-
tency for all scenario. Across all latency points,
applying D3 consistently outperforms the corre-
sponding SEAL and MINDER baselines. This
shows that dynamic DocID refinement at inference
is substantially more efficient than offline DocID
expansion that attempt to increase intent coverage
by expanding the DoclID set. Furthermore, un-
like DocT5Query-based expansion, D3 introduces
no additional indexing overhead, providing both
stronger performance and lower latency. These
properties make D3 particularly suitable for large-
scale, continuously evolving corpora where index
updates are costly in production GR systems.

An ablation study in Appendix A.6 further high-
lights the role of verification: removing it activates
dynamic decoding for nearly all queries, increasing
latency without performance gains. This confirms
that verification is essential for keeping D3 efficient
by activating only when misalignment is detected.

4.4 Deeper Analysis

D3 selectively refines DocIDs (Table 4). To un-
derstand how well D3 identifies misalignment, we

Model | ROUGE-L LLM Eval
GLEN 254 52.5
+D3 26.8 54.5
LTRGR 273 56.7
+D3 27.7 58.0
DGR 27.2 57.1
+ D3 279 58.4
PAG 28.2 58.7
+D3 28.4 59.7

Table 6: Question Answering performance on MS-
MARCO with Llama-3.1-8B-Instruct.

analyze the subset of queries flagged by verifica-
tion. Table 4 shows that weaker models (SEAL,
MINDER) trigger refinement for nearly all queries
(91.1%, 94.5%), whereas stronger models (GLEN,
TSGen) refine only a small fraction (36.2%, 6.5%).
This selective refinement demonstrates that D3
avoids unnecessary modifications and focuses on
queries with poor intent alignment. Furthermore,
applying D3 to these misaligned queries yields sub-
stantial gains in both confidence score and perfor-
mance. For instance, in TSGen, the confidence
score increases from 0.712 to 0.864, and Recall@1
rises from 22.6 to 28.2 after refinement. These
results show that D3 improves retrieval not by over-
generating, but by targeted corrections on the exact
queries suffering from intent misalignment.

D3 resolves multi-intent problem (Table 5).
Real-world documents often express multiple in-
tents, but only a subset of these intents is typi-
cally observed during training. Similar to prior
work (Zhan et al., 2022), we split test queries into
Easy-Intent and Hard-Intent subsets based on how
well their documents’ intents were covered in the
training data (See Appendix A.8). Table 5 shows
that Hard-Intent queries indeed exhibit lower base-
line confidence and degraded performance. Impor-
tantly, D3 yields substantially larger improvements
on Hard-Intent queries across all models, indicating
its ability to dynamically recover query-aligned in-
tent even when the corresponding document intent
is rarely observed during training.

D3 improves downstream task performance (Ta-
ble 6). To examine whether resolving intent mis-
alignment benefits end-to-end applications, we
evaluate D3 in a RAG-style question answering
setup. As shown in Table 6, using the top-10 docu-
ments retrieved with D3 consistently improves QA
performance across all GR models. In particular,
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D3 yields higher ROUGE-L scores and achieves
at least +1.0%p gain on LLM Eval, demonstrating
that more intent-aligned DocIDs lead to higher-
quality retrieved documents and, consequently, bet-
ter downstream reasoning. These results confirm
that the advantages of D3 extend beyond retrieval
metrics, enhancing the overall effectiveness of real-
world IR pipelines.

5 Conclusion

In this paper, we introduced D3, an inference-time
solution for addressing intent misalignment in GR.
This approach fundamentally shifts the retrieval
paradigm from relying on static, query-agnostic
identifiers to creating dynamic, query-aware ones.
Experiments on NQ320k and MS-MARCO show
that D3 yields significant gains, especially for doc-
uments with diverse intents, highlighting the po-
tential of inference-time adaptive retrieval in large-
scale systems.

6 Limitations

D3 delivers strong performance and adaptability,
but it also has limitations. First, it uses dynamic de-
coding, which, while efficient, may cause slight la-
tency compared to fully static methods when intent
extraction is triggered frequently. Second, while
D3 does not modify the underlying index, it also
does not explicitly optimize for newly added docu-
ments. Nevertheless, D3 remains fully compatible
with existing GR pipelines and requires neither re-
training nor re-indexing when documents are added
or updated.
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A Appendix

A.1 Opverall Process of D3

Algorithm 1 outlines how verification and dynamic
decoding interact during inference. The model first
generates a predefined DocID prefix of length 7',
and computes the average confidence score ¢ (line
4). If e > «, the prefix is deemed aligned and
returned directly (lines 5-6). Otherwise, D3 enters
dynamic decoding. In this phase, the prefix is ex-
tended one token at a time, and a new confidence
score ¢; is computed to evaluate whether the re-
finement improves alignment. Dynamic decoding
terminates when one of the following holds: (i)
Alignment restored (line 11): ¢; > «, meaning the
extended prefix now matches the model’s uncon-
strained preference. (ii) Quality degradation (line
14): The confidence drops sharply, ¢;_1 — ¢ > (3,
where (3 is a stability threshold preventing over-
refinement; the algorithm then returns the prefix at
step t — 1. (ii1) Maximum length reached (line 8):
The sequence length reaches 27, ensuring bounded
computation. Overall, verification provides an ef-
ficient mechanism to determine when refinement
is needed, while dynamic decoding selectively re-
solves misalignment with minimal overhead. De-
tails of the hyperparameters «v and 3 are provided
in Appendix A.4.

A.2 Dataset Details

NQ320k (Kwiatkowski et al., 2019) consists of
109k documents, 320k training queries, and 7,830
test queries. Following prior work (Lee et al.,
2023b; Sun et al., 2024), we split the test queries
into the seen (6,075) and unseen (1,755) subsets
depending on whether their annotated documents
appear as ground truth in the training set. MS-
MARCO Passage (Bajaj et al., 2016) includes 500k
training queries and 6,980 development queries.
Based on this dataset, TREC DL 2019 (Craswell
et al., 2019) and TREC DL 2020 (Craswell et al.,
2021) provide evaluation benchmarks containing
43 and 54 queries, respectively. For all experiments,
we exclude the queries for hyperparameter search,
as described in Appendix A.4.
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o Model (Recall@1)
SEAL | MINDER | GLEN | TSGen
00 | 5780 | 63.60 | 70.00 | 72.73
01 | 5793 | 63.53 | 70.00 | 7273
02 | 5800 | 63.60 | 70.06 | 72.73
03 | 5813 | 63.60 | 70.06 | 72.73
04 | 5827 | 6373 | 70.06 | 7273
05 | 5820 | 6400 | 7020 | 72.73
06 | 5847 | 6407 | 7020 | 7273
07 | 5840 | 64.00 | 7026 | 72.80
08 | 5847 | 6400 | 70.53 | 72.87
09 | 5853 | 64.07 | 70.53 | 72.80
1.0 | 5840 | 64.07 | 70.53 | 72.80
w/oD3 | 5727 | 6340 | 69.94 | 72.50

(a) Searching o (5=0.0)

Model (Recall@1)
7| sEAL | MINDER | GLEN | TSGen
00 | 5853 | 6407 | 7053 | 72.87
0.1 | 5980 | 64.67 | 70.60 | 72.93
02 | 59.60 | 6440 | 70.80 | 73.00
03 | 59.53 | 6440 | 71.00 | 73.00
04 | 5900 | 6433 | 71.00 | 73.00
0.5 | 5880 | 6420 | 7113 | 73.00
06 | 5893 | 6440 | 7113 | 73.00
07 | 5887 | 6433 | 71.13 | 73.00
08 | 5887 | 6433 | 71.13 | 73.00
09 | 5887 | 6433 | 7113 | 73.00
1.0 | 5887 | 6433 | 71.20 | 73.00
w/oD3 | 5727 | 6340 | 69.94 | 72.50

(b) Searching 3 (best oo per model)

Table 7: Recall@1 performance on validation queries of NQ320k to select hyperparameter « and f3.

Model (MRR@10)
“ | GLEN | LTRGR | DGR | PAG
0.0 | 2043 | 2550 |27.60 | 40.20
0.1 | 20.56 | 25.90 | 27.60 | 39.90
02 | 2070 | 2590 |27.70 | 39.90
03 | 2097 | 26.00 | 27.80 | 39.80
04 | 21.15 | 26.10 | 27.80 | 40.50
05 | 21.37 | 2630 | 28.00 | 40.50
0.6 | 21.62 | 26.00 |27.90 | 40.20
0.7 | 21.75 | 25.90 | 28.00 | 40.50
08 | 21.55 | 2590 | 28.10 | 40.50
09 | 21.75 | 25.80 | 28.10 | 40.30
wioD3 | 20.43 | 2540 |27.50 | 40.10

(a) Searching « (8=0.0)

Model (MRR@10)
7| GLEN | LTRGR | DGR | PAG
0.0 | 2145 | 27.00 | 2830 | 38.70
0.1 | 2244 | 27.50 | 28.10 | 38.70
02 | 2290 | 27.60 | 2820 | 38.70
03 | 2338 | 27.50 | 28.40 | 38.70
04 | 22.83 | 27.70 | 2830 | 38.80
0.5 | 22.87 | 27.80 | 2820 | 38.80
0.6 | 23.58 | 27.90 | 2830 | 38.80
0.7 | 23.88 | 27.90 | 2830 | 38.80
08 | 2372 | 27.90 | 2830 | 38.80
09 | 2354 | 27.90 | 2830 | 38.80
wioD3 | 2026 | 2640 | 27.40 | 37.90

(b) Searching 3 (best oz per model)

Table 8: MRR @ 10 performance on validation queries of MS-MARCO to select hyperparameter « and 5.

A.3 Metric Details

We evaluate retrieval performance using MRR, Re-
call, and nDCG. MRR measures ranking quality by
assessing the rank of the first relevant document.
Recall measures the proportion of relevant docu-
ments retrieved. nDCG evaluates ranking quality
with graded relevance scores. All metrics are calcu-
lated within the top-k results. These metrics align
with prior GR benchmarks, ensuring fair compari-
son with baseline models.

To evaluate D3 on downstream question answer-
ing task in Section 4.4, we use ROUGE-L and
LLM Eval. ROUGE-L (Lin and Och, 2004) com-
pares predicted answers to ground truth answers
based on lexical overlap. For LLM Eval, we use
Llama-3.3-70B-Instruct (Al@Meta, 2024), follow-
ing prior work (Yang et al., 2024) which uses an

LLM as the judge.

A.4 Implementation Details

For all baselines, we use the official checkpoints
released by the authors. Since SEAL and MIN-
DER do not provide NQ320k checkpoints, we re-
produced their models using the hyperparameters
reported in their papers. For the term-weighting
function in D3, we use pyserini (Lin et al., 2021)
to compute BM25 scores with default settings.

D3 introduces two hyperparameters: the verifi-
cation threshold « and the degradation threshold .
To apply D3 to each baseline fairly, we perform a
lightweight hyperparameter search on a small held-
out subset (1,500 queries from NQ320k and 1,000
queries from the MS-MARCO development set),
which is excluded from all other experiments. We
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Relevant document

‘ Query

Refined DocID

United States Congress 535 voting members 100
senators 435 representatives 6 non-voting members

how many members in the
senate are democratic

representatives-democratic-election

Senate political groups Republican (51) Democratic
(47) Independent (2) (caucusing with Democrats)
House of Representatives political groups

to which groups are members
of congress responsible

representatives-democratic-election-
congress

Republican (237) Democratic (193) Vacant (5)
Elections Senate last election November 8, 2016 ...

who has the most real power
in the house of representatives

representatives-democratic-election-
power-real-has

Table 9: Examples of Refined DocIDs on NQ320k. These queries share the same relevant document but differ in
their query intent. Blue indicates query-agnostic tokens, and Red denotes the query-aligned tokens to refine DocID.
For clarity, subword tokens were combined and displayed as whole words.

Algorithm 1 Overall Process of D3

1: Input: Query g, threshold «, degradation threshold
5
Output: Final DocID zy.p»
Initialize ¢ <— T" + 1 > Start after predefined length
Compute initial ¢ from predefined prefix
if cr > o then
return predefined DocID z1.7 > No refinement
end if
while ¢t < 2T do > Maximum length constraint
Generate next token z; using dynamic decoding
Compute confidence score c; and average ¢,
if ¢; > « then > Condition 1
return zq.;
end if
14: ifc;_1 — ¢ > 3 then
15: return z1.;_ 1
16: end if
17: t+—t+1
18: end while
19: return zq.907

R A R o

—_ = = =
wor e

> Condition 2
> Revert to previous step

> Return at maximum length

adopt a sequential greedy search (first selecting v
with 3 fixed to 0.0, and then selecting 5 with «
fixed) as shown in Table 7 and Table 8. If multiple
candidates yield the same validation performance,
we choose the smaller value. Because GR models
generate deterministic top-k tokens during beam
search, all results are fully reproducible.

Importantly, we observe that D3 consistently im-
proves performance over most baselines across a
wide range of « and [ settings. The gains are ro-
bust to hyperparameter choices, indicating that the
performance improvements stem from the mech-
anism of dynamic DoclD refinement itself rather
than from hyperparameter tuning.

A.5 Case Study

To qualitatively illustrate how dynamic decoding
refines DocIDs based on query intent, we present a
case study in Table 9 using three queries that share

Model | Method R@1
+D3 57.6

w/o verification o 56.9

SEAL w/o query-informed vocabulary V, | 54.4
w/o term weight s(z, d) 56.6

+D3 63.3

w/o verification o 60.3

MINDER w/o query-informed vocabulary V;, | 58.9
w/o term weight s(z, d) 62.6

+D3 69.6

w/o verification o 67.8

GLEN w/o query-informed vocabulary V, | 69.3
w/o term weight s(z, d) 68.7

+D3 70.8

w/o verification o 70.7

TSGen w/o query-informed vocabulary V, | 70.5
w/o term weight s(z, d) 70.4

Table 10: Ablation study for each module in D3 on
NQ320k.

the same relevant document. The first query tar-
gets general information from the document, that
is well-covered by the predefined DoclD, requiring
no refinement. The second query seeks more spe-
cific details about congress, prompting the model to
append the token “congress” to the original DoclD.
The third query demands highly specific informa-
tion—identifying who holds the greatest power in
the House of Representatives—leading to the addi-
tion of the query-informed tokens “power”, “real”,
and “has”. These examples demonstrate that our
approach adaptively refines DocIDs with only the
necessary query-aligned tokens, depending on how
well the predefined DocID already captures the
query intent.

A.6 Ablation Study

We conduct an ablation study to examine the con-
tribution of each module in D3, with results sum-
marized in Table 10 for retrieval performance.

798



Model Method Latency R@1 Method Model
SEAL MINDER GLEN TSGen
SEAL +D3 1.00x 57.6
w/o verification « 1.05x 56.9 Baseline ‘ 56.0 62.4 69.0 70.4
MINDER +D3 1.00x 63.3 + D3 (BBoW) 56.6 62.6 69.2 70.6
w/o verification a 1.33x 60.3 + D3 (BM25) 57.6 63.3 69.6 70.8
GLEN +D3 1.00x 69.6 + D3 (SPLADE) | 59.0 64.0 69.1 70.8
w/o verification « 1.39x 67.8
D3 Loo 0.8 Table 12: R@1 performance on NQ320k for each docu-
+ .00x . . . .
TSGen wioverification & | 126x 707 ment term weight function. In BBoW (Binary Bag-of-

Table 11: Ablation study for the verification in D3 on
NQ320k. Latency indicates the relative time required
to retrieve documents for a query. The best results are
marked in bold.

The verification module is designed to identify
queries whose predefined DocIDs are misaligned,
ensuring that dynamic decoding is applied selec-
tively. When verification is removed, i.e., w/o
verification «, dynamic decoding is applied to all
queries regardless of whether refinement is needed.
This results in only marginal gains or even degrades
performance compared to the baselines, while also
incurring substantial inference latency, as shown in
Table 11. These findings confirm that verification
effectively detects genuinely misaligned queries
and directs refinement to cases where it is most
beneficial.

The query-informed vocabulary guides the
model to select query-aligned tokens during de-
coding. Removing this restriction, i.e., w/o query-
informed vocabulary V,, allows the model to con-
sider the entire token set V' for next token pre-
diction, which consistently reduces performance
across all models. This demonstrates that narrow-
ing candidate set to query-aligned tokens is critical
for capturing query intent, even for models trained
to handle larger candidate sets.

The term weighting module ensures that selected
tokens remain faithful to the content of the docu-
ment. Omitting term weights in Eq. (7), i.e., w/o
term weight s(z,d), consistently lowers perfor-
mance, highlighting the importance of weighting
tokens according to document relevance to main-
tain content fidelity.

Opverall, these ablation results indicate that each
module in D3 serves a distinct purpose and con-
tributes meaningfully to its overall effectiveness.
Their combined operation is essential for achieving
the observed improvements in retrieval accuracy.

Words) setting, term weights are either 1 or 0 depending
on whether the document contains the term.

A.7 Generalize to Diverse Term Weights

Table 12 demonstrates that D3 consistently im-
proves performance across all term weight-
ing strategies, including Binary Bag-of-Words
(BBoW), BM25, and SPLADE (Formal et al.,
2022). Even with BBow, applying D3 yields gains
of +0.3%p on average across models. Furthermore,
BM25 and SPLADE provide slightly higher im-
provements of +0.8%p and +1.2%p, respectively,
indicating that the performance boost is not solely
due to sophisticated term weighting. Importantly,
D3 generalizes well across all term weight schemes,
and even the simplest BBoW produces meaning-
ful gains, highlighting the robustness and broad
applicability of D3 across diverse term scoring ap-
proaches.

A.8 Intent Coverage and Multi-Intent
Partition

Many documents exhibit multiple possible intents,
only some of which appear during training. To
quantify this, we define a document’s intent cover-
age as the difference between the number of train-
ing queries for which the document is relevant and
the number of test queries for which it is relevant. A
higher coverage value indicates that the document’s
intents were frequently observed during training,
while lower values indicate rarely seen or unseen
intents. Similar to prior work (Zhan et al., 2022),
we use this metric to divide test queries into two
equally sized subsets: Easy-Intent (top 50% cov-
erage) and Hard-Intent (bottom 50% coverage).
Hard-Intent queries represent challenging cases
where static DocIDs often misalign with query-
aligned intents.

As shown in Table 5, Hard-Intent queries exhibit
noticeably lower baseline confidence and degraded
retrieval performance. D3 delivers significantly
larger improvements on this subset because its
dynamic refinement mechanism introduces intent-
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bearing tokens that are missing from static DoclDs,
thereby resolving misalignment caused by unseen
or underrepresented intents during training.
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