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Abstract
Reranker improves retrieval performance by capturing document
interactions. At one extreme, graph-aware adaptive retrieval (GAR)
represents an information-rich regime, requiring a pre-computed
document similarity graph in reranking. However, as such graphs
are often unavailable, or incur quadratic memory costs even when
available, graph-free rerankers leverage large languagemodel (LLM)
calls to achieve competitive performance.We introduce L2G, a novel
framework that implicitly induces document graphs from listwise
reranker logs. By converting reranker signals into a graph structure,
L2G enables scalable graph-based retrieval without the overhead
of explicit graph computation. Results on the TREC-DL and BEIR
subset show that L2G matches the effectiveness of oracle-based
graph methods, while incurring zero additional LLM calls.1

CCS Concepts
• Information systems→ Information retrieval; Retrieval mod-
els and ranking; Language models; Learning to rank.
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1 Introduction
Reranking captures document interactions as a form of corpus
feedback to improve retrieval performance [17, 19, 20]. To illustrate,
listwise rerankers reflect local interactions by reranking documents
within a window. For a large input, this window shifts forward to
compare high-ranking documents with the next unseen documents,
until the window reaches the other end of the list. However, such
∗Corresponding author
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Figure 1: A cost-performance trade-off of rerankers
(nDCG@10; see arxiv version of our paper (link) full results).

baselines, due to serialized window shifts, fail to capture interaction
feedback across non-adjacent windows.

One extreme of enriching corpus feedback is SlideGAR [20],
which assumes a graph capturing all pairwise document interac-
tions, then leverages the neighborhood information beyond the
window from the graphs. While effective, this approach requires
full corpus graph access to construct them, and incurs substan-
tial cost from repeated bi-encoder calls (e.g., TCT [12]), as well
as a prohibitive O(𝑁 2) memory footprint for a corpus of size 𝑁 .
In another extreme, graph-free rerankers such as TourRank [2]
conduct multiple rounds of tournaments across windows. Despite
delivering a strong performance with SlideGAR without requiring
explicit graphs, TourRank incurs heavy computation due to the
large number of LLM calls required to remain competitive.

Figure 1 summarizes this tradeoff landscape by plotting average
effectiveness against LLM calls. SlideGAR lies in the upper-left:
strong performance with sliding-window baseline budget (9 calls),
but requires additional compute and memory to construct the cor-
pus graph. Another extreme in the upper-right is tournament-style
listwise reranker (e.g., TourRank) that is graph-free, improves per-
formance but requires far more calls (about 127).

Our contribution is achieving high performance at low call bud-
gets (upper-left quadrant). Observing that listwise methods already
expose local relations, we ask: can we reuse these signals across
queries to approximate a document graph, without any additional
LLM calls or requiring a doc-doc graph or retriever?
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Figure 2: Illustration of building𝐺 , a proxy of doc–doc graph,
from listwise signals for L2G. Darker cells indicate higher
pairwise relevance, and vice versa.

This motivates us to propose Listwise-to-Graph (L2G), requir-
ing no additional LLM or retriever calls while restoring SlideGAR
performance. Our contributions are threefold: (i) we provide a yet
effective perspective that frames listwise reranking as a source
of implicit corpus feedback; (ii) we introduce L2G, which recon-
structs an explicit doc-doc graph directly from ranking outputs
(no separate doc–doc retriever); and (iii) we demonstrate SlideGAR
performance with lower cost, making graph-free adaptive retrieval
practical even in dynamic or resource-constrained settings.

2 Related Works
Graph-based reranker Graph-aware methods such as SlideGAR
[20] exploit explicit doc-doc relations to guide adaptive reranking.
While they achieve strong quality, they requiring pre-built corpus
graphs with huge memory and pre-processing costs. Our work
keeps the call budget low without requiring a doc-doc retriever by
reconstructing a sparse interaction graph directly from past listwise
rankings and reusing it in SlideGAR.
Graph-free reranker However, a corpus or graph is not always
available. Then, advanced reranking for ranked results can be used
to overcome the gap, albeit at an additional cost [21]. We focus
on listwise rerankers [19] that jointly reason over candidate sets.
They often rely on sliding windows or tournament-style compar-
isons. RankZephyr [19] is a strong fine-tuned listwise ranker; ReaR-
ank [25] emphasizes reasoning ability with more inference time;
TourRank [2] improves effectiveness at the cost of more LLM calls.
Contemporary advanced ranking approaches [13–15] optimize in
ICL/demo selection, collaborate small/large rankers with order
adjustment, or expand context windows. Our distinction is that
we frame listwise methods as implicitly inducing local interaction
graphs among candidates with zero LLM-call overhead.
Query-stream reuse Transforming an entire corpus into a graph
is a costly process, while previous work [1] argued is unnecessary.
Our work shares this motivation, leveraging batch and stream pro-
cessing [4–6, 16] to demonstrate gains from shared computation
and intermediate results across queries. Our incremental L2G up-
dates operationalize this principle for reranking: listwise signals
accumulate into a sparse graph that stays effective under order
perturbations.

3 Method: Listwise signals to Graph (L2G)
We study treating reranker outputs as document relationship signals
and aggregate document pairs and their co-occurrence with queries,
which induces a first-order similarity matrix that serves as a proxy
for an implicit graph over documents. Fig. 2 visualizes the building
process. Let Q = {𝑞1, . . . , 𝑞𝑚} be a stream of user queries. For each
𝑞𝑖 a listwise reranker receives a candidate set C𝑖 = {𝑑𝑖,1, . . . , 𝑑𝑖,𝑘 }
and returns a total order 𝜋𝑖 : C𝑖 → [𝑘], where 𝜋𝑖 (𝑑) is the rank
of document 𝑑 for query 𝑞𝑖 (one-dimensional). We denote by D =⋃

𝑖 C𝑖 the (ever-growing) global document pool.

3.1 From Rankings to a First-order Graph
First, we introduce a method for converting each ranked list for
𝑞𝑖 into a score vector. When accumulated, this forms a vectorized
matrix for multiple queries, which becomes the basis for the un-
derlying doc-doc graph structures. We map each ranked list into a
dense document score vector a𝑖 ∈ R |D | with [a𝑖 ]𝑑 = (𝑘 − 𝜋𝑖 (𝑑) + 1)
if 𝑑 ∈ C𝑖 , and 0 otherwise. In other words, the scores get assigned
from highest to lowest depending on their rank for each query. We
approximate pairwise document affinity as D(1) = AA⊤, where
𝐷

(1)
𝑑1,𝑑2

=
∑

𝑖 [a𝑖 ]𝑑1 [a𝑖 ]𝑑2 accumulates evidence over all queries in
which both documents co-occur, and treat this D(1) as an approxi-
mation of the pairwise document similarity matrix. Related works
suggest that greater query diversity leads to more accurate approx-
imations [9, 24].

3.2 Handling Sparsity and Higher-Order
Connectivity

The first-order similarity D(1) is often sparse due to the limited
overlap between candidate sets across queries. However, multi-hop
connections—e.g., two documents may not co-occur but may each
co-occur with a shared third document—can capture higher-order
similarity structure. Formally, we extend the first-order graph by
propagating affinity via 𝑘-hop random walks: D(𝑘 ) = DD · · ·D (𝑘
times), analogous to power iteration in PageRank [18]. Larger 𝑘
increases recall but risks rank collapse towards a uniform stationary
distribution. We therefore (i) renormalize rows to unit 𝑘1 norm after
each multiplication and (ii) cap 𝑘 ≤ 3 in practice.
Query-conditioned locality for robustness. While our L2G
graph is defined over the full corpus, its induced edges are in-
tentionally sparse compared to fully precomputed pairwise graphs.
To convert this sparsity into a precision advantage and avoid spuri-
ous hub expansion, L2G queries the graph locally: relevant candi-
dates are restricted to the first-stage retriever’s top-𝑐 pool (we use
𝑐 ∈ {100, 1000}). This query-conditioned locality reduces sensitivity
to noisy long-range links when applying 𝑘-hop propagation, and
improves by constraining exploration to a calibrated, high-precision
pool.

3.3 Handling Frequency Bias
Still, the similarity scores in the matrix D can be skewed by docu-
ment popularity rather than true semantic relevance. For example,
documents that appear frequently across many queries will accu-
mulate high similarity scores simply due to repeated co-occurrence,
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not because they are genuinely related. Therefore, we borrow awell-
established idea from information retrieval: inverse document
frequency (IDF) re-weighting. For each document 𝑑 , we divide
its score vector by log

(
1 + df (𝑑)

)
, where df counts the number of

queries that retrieved document 𝑑 .

3.4 Online Updates for Unseen Documents
The challenge in maintaining the document matrix is that in prac-
tice, the document pool grows dynamically as new queries introduce
previously unseen documents, making it impractical to recompute
the entire similarity matrix D(1) from scratch each time. To support
pairwise similarity for uncovered or newly added documents, As a
solution, we develop an incremental update strategy that efficiently
extends the graph structure without full recomputation. Formally,
the document pool approximates the document universe unknown
a priori. As a dynamic approximation, when a new batch of queries

adds a set ΔD of unseen documents, we update Anew =

[
A
AΔ

]
and

maintain D(1) in block form instead of re-computing from scratch:

D(1)
new =

[
D(1) B
B⊤ C

]
, where B = AA⊤

Δ and C = AΔA⊤
Δ . This costs

O(|D| |ΔD|) rather than O(|Dnew |2). Since Δ|D| ≪ |D| in typi-
cal streaming scenarios, this provides substantial computational
savings.

3.5 Complexity and Memory Footprint
A key advantage of L2G is its elimination of expensive doc-doc
similarity computations that plague existing graph-based methods.
Unlike approaches such as SlideGAR-TCT that require explicit bi-
encoder calls for every document pair, L2G introduces no additional
LLM calls for doc-doc similarity and downstream modules simply
read the needed relations directly from the on-the-fly graph G.

Operationally, the method requires expansion of 𝐷 upon the
arrival of a new ranked list, and applies three hops of propagation
to form D(3) when a new query’s ranking arrives. In terms of
space, L2G stores only the sparse graph G (plus minimal ID maps),
never materializing doc–doc matrices or document embeddings
while entirely avoiding the need for any GPU-dependent doc-doc
retriever. Direct comparison of L2G over SlideGAR–TCT under a
matched setup is further discussed at Sec. 4.3.

4 Results
Our empirical study addresses three questions. 1. Effectiveness:
can L2G, built only from past listwise rankings, recover doc-doc
structure closely enough to match graph-aware oracles such as
doc-doc affinity and full-corpus SlideGAR? 2. Efficiency and cost:
does L2G keep the number of LLM calls fixed at the sliding-window
budget while offering favorable latency and memory scaling com-
pared to graph-based baselines? 3. Robustness and generality: is
L2G stable under variations in query order and coverage, and does
it transfer across different rerankers and first-stage retrievers?

4.1 Experimental Setup
Datasets & Evaluation. We evaluate on MS MARCO TREC [3]
DL’19/’20 (43/54 queries) and a subset of BEIR [23] collections
(TREC-COVID, Signal, TREC-NEWS, and Touche) with query size

less than 100, and report nDCG@10 [8] under reranking budget 𝑐
(c= 100 or 1000) rounded to the nearest tenth, mostly prepared with
the pre-built Pyserini index [10].
Retrieval & Ranking Models.We use BM25 [22] and extend to
Contriever [7] as the first-stage retriever. Listwise rerankers include
RankZephyr [19] andtextitReaRank [25], operating with sliding win-
dows (size=20, step=10) that output permutations without explicit
scores.
Baselines. We compare to: (i) non-adaptive Sliding Window, and 3
different (ii) Graph-based SlideGAR–TCT baselines. (1) full-corpus
assumes oracle access to a pre-computed TCT [11] graph over the
entire collection. (2) doc–doc affinity is a more practical baseline,
which mimics the online graph construction scenario just like ours
(Sec. 3.2), limiting the graph neighbors to a local graph built only
from the query’s retrieved top-𝑐 candidates, e.g., top-100. Lastly, (iii)
Random randomizes neighbor ordering from local top-𝑐 candidates,
verifying that L2G’s gains are not due to chance.

4.2 Effectiveness
Table 1 summarizes nDCG@10 on MS MARCO DL’19/’20 and BEIR
subsets with BM25 first-stage pools (𝑐 ∈ 100, 1000). First, we ob-
serve that L2G consistently outperforms the sanity-check base-
line of a random doc-doc ranker (SlideGAR-Random) across all
setups. Under Top-100, L2G effectively ties the graph-based or-
acles—SlideGAR–TCT with doc–doc affinity and the full-corpus
variant—within ≈ 0.1 nDCG on average, all at the same LLM-call
budget as the sliding-window reranker. Moving to Top-1000, L2G
even wins over full-corpus SlideGAR–TCT while relying only on
local interaction signals. We hypothesize this increased effective-
ness due to the larger top-c overlap reported in the table, which lets
L2G reuse cross-query evidence to enrich its induced graph. This
indicates that once overlap is sufficient, listwise-induced graphs
recover—and in some cases exceed—the benefits of explicit corpus
graphs without building them.

4.3 Efficiency / Cost
We evaluate only the adaptive stage (excluding first-stage retrieval
and any LLM calls), reporting per-query latency and peak mem-
ory. For L2G, latency is measured from the moment a ranked list
for query 𝑞 arrives: we measure the per-query cumulative time to
expand the document pool, form 𝐷=𝐴𝐴⊤, and yield 𝐷3. We com-
pare L2G with SlideGAR–TCT (doc-affinity), as it is a strong
baseline that also constructs a graph online. As summarized in
Tab. 2, SlideGAR–TCT averages 0.427 s per-query, whereas L2G
requires no precomputation and remains well below this even as
the maintained graph grows. Onmemory, SlideGAR–TCT must
load a bi-encoder (about 419MB), store top-100 doc-doc affinity
graph dense embeddings (once per query in the first window), and
maintain a neighbor dictionary (doc IDs with float scores). L2G
avoids the bi-encoder and dense vectors entirely: its footprint is a
single sparse graph over documents actually observed along with
the minimal docID maps, scaling with unique candidate documents.
Full-corpus graphs are not comparable on a per-query basis but are
much heavier than the online ones; e.g., for DL’19 the full-corpus
TCT dump occupies ∼3.1 GB on disk, and even the smaller Touche
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BM25 Top-100 BM25 Top-1000

Covid Sig. News Tou. DL’19 DL’20 Avg Covid Sig. News Tou. DL’19 DL’20 Avg

Query count 50 97 57 49 43 54 – 50 97 57 49 43 54 –
Top-𝑐 Overlap (%) 10.4 0.8 3.3 1.3 0.1 0.1 – 39.7 3.1 13.6 15.3 0.5 3.1 –
Total corpus size 171k 2.9M 595k 383k 8.8M 8.8M – 171k 2.9M 595k 383k 8.8M 8.8M –

(0) baseline — without doc2doc graphs
BM25 59.5 33.0 39.5 44.2 50.6 48.0 45.4 59.5 33.0 39.5 44.2 50.6 48.0 45.4
Sliding Window 84.1 32.0 52.3 32.4 74.0 70.2 57.5 80.7 28.9 51.0 30.9 75.1 78.8 57.6

(1) with doc2doc graphs
SlideGAR–TCT (full corpus) 80.1 31.0 51.7 34.9 74.2 79.3 58.5 86.2 28.9 51.1 34.4 75.4 79.8 59.3
SlideGAR–TCT (doc. affinity) 83.0 31.1 53.0 37.5 74.2 71.1 58.3 85.0 29.5 52.7 32.7 75.1 80.0 59.2
SlideGAR–Random 82.5 31.2 54.1 35.4 72.7 71.5 57.9 83.8 30.3 54.6 36.4 73.4 76.3 59.1

L2G 84.2 31.8 53.4 37.4 72.3 71.2 58.4 85.4 29.3 55.8 35.2 74.7 76.6 59.5

Table 1: Dataset stats andNDCG@10 (%) with BM25 first-stage under two pool sizes (Top-100 vs. Top-1000), using theRankZephyr-
7B model. Benchmarks indicate TREC-Covid, Signal, News, Touche, TREC-DL19, and DL20, respectively. All variants use the
same number of LLM calls as the Sliding Window.

SlideGAR-TCT
(doc. affinity) L2G (ours)

Extra store doc–doc
embeddings

No pre-built
embeddings

Latency / query (s) 0.427 0.103
Peak Storage (MB) 0.862 0.855
Peak VRAM (MB) 418.73 + 𝛼 None

Table 2: Efficiency comparison between SlideGAR-TCT and
L2G, averaged for all reported BEIR subsets. Storage is mea-
sured as the in-memory footprint of the data structure (in
bytes). Smaller is better; L2G achieves consistently lower la-
tency and memory without prebuilt corpus embeddings.

Method / Setting Covid Sig. News Tou. Avg

(1) Perturbing query stream (BM25 top-100, RankZephyr)

L2G (dataset order) 84.2 31.8 53.4 37.4 51.7
L2G (max overlap) 83.0 31.4 53.5 37.6 51.4
L2G (min overlap) 83.8 31.7 53.9 36.8 51.6

(2) Different first-stage retriever (Contriever top-100, RankZephyr)

Sliding Window 70.8 26.5 49.9 30.4 44.4
SlideGAR (doc. affinity) 72.1 25.0 51.9 29.7 44.7
SlideGAR-Random 72.0 25.0 50.1 27.1 43.6
L2G 72.0 26.8 50.9 28.9 44.7

(3) Different reranking model (Contriever top-100, ReaRank)

Sliding Window 71.6 27.0 50.5 24.4 43.4
SlideGAR (doc. affinity) 71.6 26.9 50.4 23.9 43.2
SlideGAR-Random 74.4 27.2 51.3 23.6 44.1
L2G 74.3 27.3 52.4 24.7 44.7

Table 3: RQ3: Robustness & Generalizability (NDCG@10, %).

collection takes >1 hour to dump on our machine, while many sce-
narios do not even provide full-corpus access. Taken together, L2G
delivers doc-affinity–level effectiveness at a fraction of the runtime
and with a smaller footprint. In practice, delaying or batching graph
updates (e.g., delay three propagation hops) further reduces con-
stant factors without affecting ranking quality, which we leave as
future work.

4.4 Robustness / Generalizability
Ordering robustness. While document overlap between queries
is crucial for L2G’s graph construction as discussed in Sec. 4.2, a
potential concern with L2G’s streaming approach is sensitivity to
query arrival orders. We address this concern by analyzing L2G’s
robustness to query order variations within the same benchmark. (i)
a max overlap order greedily picks the next query whose top-100
overlaps the most with the pool already processed, and (ii) a min
overlap order greedily minimizes this cumulative reuse. Tab. 3–(1)
further shows that what matters is the overall amount of overlap
present in the corpus, not the specific order in which overlapping
queries arrive; although Table 1 suggested that effectiveness in-
creases with higher corpus-level overlap, results confirm that the
arrival order itself is not directly related to output performance.
Generalizability. On Tab. 3–(2) and (3), we observe that L2G dom-
inates over SlideGAR-TCT (doc-affinity) even when swapping first-
stage retrievers (BM25 → Contriever) and base listwise rankers
(RankZephyr→ReaRank). Overall, L2G behaves as a reusable graph
prior that transfers across ranking stacks.

5 Conclusion
This work explores listwise rerankers as an alternative to graph-
based adaptive retrieval when a graph is unavailable or costly to
build. We demonstrate how the graph structure can be constructed
from the listwise reranking results and reused across queries. We
validate that our L2G performs on par with graph-based oracles.
We are first to frame listwise reranking as an alternative form
of adaptive retrieval, bridging the gap between graph-based and
graph-free reranking.
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6 Ethical Considerations
While the L2G is far more efficient than SlideGAR, additional re-
quirements for graph construction may still limit accessibility for
resource-constrained organizations. The efficiency of L2G can be
further optimized by tuning graph update intervals at the cost of
performance, or through implementation of the GPU version of L2G.
Our simple implementation leaves additional speed and memory
gains as future work, which could help address these accessibility
concerns.
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