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In Generative Retrieval, Decoding Can Lose Relevant Documents

Generative Retrieval (GR)

• Each document is represented by a unique docid sequence of length L.

• The model retrieves by generating a docid token by token autoregressively.

• Inference uses trie-constrained beam search over valid docid paths.

Main challenge: prefix pruning

• Beam search keeps only the top-k prefixes at each step.

• Each document has one valid docid path.

• Once a relevant prefix is pruned, the document is unreachable.
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Zeng et al. (2024a): Planning Ahead in Generative Retrieval

Zeng et al. (2024b): Scalable and Effective Generative Information Retrieval
Fig. adapted from: Brenndoerfer, Beam Search: Decoding and Sequence Generation, 2025.

A document is retrieved only if its docid path survives every decoding step.



PAG Gives Beam Search a Look-Ahead Hint

● PAG runs simultaneous decoding
alongside standard autoregressive 
docid generation.

● For each candidate prefix, it estimates 
the best document-level relevance 
score among the documents reachable 
from that prefix.

● This look-ahead score is added to the 
normal beam score, favouring prefixes 
that can still lead to highly relevant 
documents.

As a result, prefixes that may lead to 
relevant documents are less likely to be 
pruned too early.
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Adapted from: Zeng, Luo, and Zamani, Planning Ahead in Generative Retrieval, SIGIR 2024.

+ 
model score for the
next docid token 

score of prefix so far 

PAG uses document-level evidence to guide token-by-token decoding.

shortlisted 
doc whose 
sequential 
docid begins 
with the 
current 
prefix.



PAG: Planning Ahead Through Simultaneous Decoding

Fig Source: Zeng, Luo, and Zamani, Planning Ahead in Generative Retrieval, SIGIR 2024.

SPLADE-style aggregation
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Each document gets two docids:

● Construct new lexical set-based docids.
● Set-based: Call LM once, then obtain all 

document-level scores.

● Lexical: Provides complementary info. to the 
original semantic docids.

● Model can be end-to-end trained. 

PAG uses the set-based docid to score documents 
and keep the top-𝑛 as a candidate pool (palns). Their 

scores then guide sequential decoding.

➢ Planning signal relies on lexical evidence, even small changes in query wording can alter 

the planning scores and change which documents enter the candidate pool.



Finding 1: PAG Is Reproducible, and Planning Matters
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— denotes settings requiring unreleased artifacts; † marks reproduced effectiveness below the paper.

# tokens for 
set-based 

docids

beam size

Finding 2: Effectiveness–Efficiency Trends Mostly Reproduce

➢ Summary: At m=64, reproduced scores match the reported results. Larger k improves 
effectiveness but increases decoding latency; larger m increases planning evidence, memory, and 
scoring cost.

➢ Caveat: (m=16,32) are truncation-based approximations; (m=128) requires unreleased artifacts.



Finding 3: PAG Is Sensitive to Intent-Preserving Query Variation
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Finding 4: Performance Drops Coincide with Plan Drift
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RQ4 Cross-lingual shift with a fixed English index

Evaluation setup: 

• mMARCO queries in Dutch (nl), French (fr), 
German (de), and Chinese (zh)

• Fixed English MS MARCO collection 

• Released set-based docids, sequential 
docids, and trie

• No document-side changes or re-indexing

Query-side Settings

• Naive: apply English PAG directly to non-
English queries

• Seq-only: disable planning and use 
sequential decoding only

• Translate: translate queries into English 
using M2M100

• Aligned: adapt only the query-side planner 
using aligned English queries
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Challenge: The query language differs from PAG’s English planning and index space: Chinese (zh)

introduces script mismatch, German (de) and Dutch (nl) richer morphology, and French (fr) lexical 
mismatch despite sharing the same script.

Question: How much performance can PAG recover for non-English queries without re-indexing?



Finding 5: Fixed-Index Cross-Lingual Shift Is Harder
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• Naive PAG remains above Seq-only, suggesting 

that weak cross-lingual planning evidence may 
still preserve useful docid prefixes through 
shared entities, numbers, cognates, English 

terms, or partial lexical overlap.

• Planner-token distillation yields only partial 

gains because improved token alignment does 
not reliably recover the correct candidate set.

• Translation provides the strongest recovery by 
restoring compatibility with the English planning 
space. 



Thank You !

Questions? 

❑ Main message: PAG shows that planning helps only 

when the plan stays aligned; more broadly, methods that 

rely on intermediate guidance should evaluate not only 

end-to-end performance, but also whether that guidance 

remains stable and useful under input shift.
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