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Abstract

Incomplete surface traces admit multiple three-dimensional discrete fracture net-
works with different intensity, size, connectivity and orientation. Reducing these
candidates to a small ensemble can discard useful alternatives even when the
generated pool contains them. We introduce TraceRIFT, a framework that sepa-
rates candidate-support loss from retrieval regret and treats ensemble selection
as predictive scenario coverage. Candidate-support loss measures the pool’s mini-
mum attainable error; retrieval regret measures the additional error introduced
by shortlist construction. Set quality is evaluated through the closest retained
network, linking ensemble reduction to retention of plausible geological alterna-
tives. Coverage in an eight-attribute space values each network by its contribution
beyond a prescribed core of the baseline Reference ranking. TraceRIFT preserves
that core while permitting at most two additions beyond the original Reference
top ten. Enumerated-greedy optimization of the submodular objective gives a 3/4
approximation guarantee for the finite-scenario proposal before an independent
predictive check. On 3,276 held-out simulated parent networks, all selectors retain
ten networks from identical query-specific 64-member pools. Under fragmented or
missing-surface observations, TraceRIFT reduces mean retrieval regret by 22.68%
relative to Reference, from 0.0903 to 0.0698. The paired gain is 0.0205, with a
95% parent-clustered interval of 0.0183-0.0227. Mean regret is also 9.60% lower
than rank-based maximal marginal relevance (MMR) and 10.70% lower than
predictive MMR under the same constraints. TraceRIFT also lowers regret rela-
tive to target-consistency-only and observable-discrepancy References. Workflow
deployment and predictive transfer are also assessed using 480 catalogue-derived
virtual queries from Wadi Birk.

Keywords: discrete fracture network, incomplete observations, hypothesis-set selection,
reference preservation, submodular optimization, computational geoscience



1 Introduction

Fracture traces constrain where discontinuities intersect exposed rock faces, while their
continuation through the rock volume controls connections and transport pathways
(Bonnet et al. 2001; Lei et al. 2017). Different three-dimensional discrete fracture
networks (DFNs) can therefore explain similar surface intensity and orientation while
having different connected components. Interpreting finite exposures requires retaining
alternative networks consistent with the observed traces.

Digital outcrop models map large or inaccessible exposures while retaining surface
position and orientation (Sturzenegger and Stead 2009; Bemis et al. 2014). Automated
extraction produces detailed measurements from photogrammetric point clouds (Dong
et al. 2026), and DFN simulators support their interpretation through virtual plane
and window sampling (Xu and Dowd 2010). Stereological estimators relate trace
measurements to volumetric fracture statistics under specified sampling assumptions
(Dershowitz and Einstein 1988; Dershowitz and Herda 1992; Mauldon et al. 2001).
Connectivity remains partly hidden, and a three-dimensional network may percolate
even when its sampled outcrop has no spanning path (Zhu et al. 2022). Figure 1
illustrates this ambiguity with two constructed networks that produce identical window
traces but differ in connections beyond the windows.

Stochastic DFN modeling represents this ambiguity through multiple realizations,
with increasingly flexible geometries and constraints. Elliptical fractures and learned
low-dimensional parameterizations broaden candidate representations (Guo et al. 2024;
Teng et al. 2026), while calibrated polygonal growth models reproduce nucleation,
abutment and arrest (Kim et al. 2026). Hydraulic and electrical observations support
surrogate-assisted trans-dimensional inversion (Sun et al. 2026), while integrated
outcrop workflows combine lineaments, exposed planes and geological context (Racolte
et al. 2026; Panara et al. 2024a). These approaches improve candidate generation
and conditioning, leaving a subsequent decision about which alternatives to retain for
inspection or downstream modeling.

Shortlist construction can discard a useful hypothesis even when that hypothesis
is already available in the generated pool. Highly ranked networks may cover similar
attributes, leaving a lower-ranked candidate as the closest alternative to another
plausible configuration. Diversity-aware retrieval and determinantal models formalize
the value of complementary items (Carbonell and Goldstein 1998; Kulesza and Taskar
2012). For DFNs, we assess complementarity through the error of the closest retained
network in a specified attribute space. Candidate-support loss measures the error floor
in the full pool; retrieval regret measures the additional error introduced by shortlist
construction.

TraceRIFT addresses this selection problem through predictive scenario coverage
around a protected core of a Reference ranking. It retains the first six members and
selects a four-member tail from 64 candidates, permitting at most two additions beyond
the Reference top ten. The objective values candidates by the eight-attribute scenarios
they cover beyond the fixed core. Its monotone-submodular structure (Nemhauser
et al. 1978) supports an 11-branch enumerated-greedy solver with a finite-scenario
approximation guarantee. A separate set of predictive scenarios checks the proposed
tail before adoption.



Table 1 Scientific coordinates used to quantify finite-pool discrepancy. Areas are clipped to domain
Q; graph fractions use retained fractures.

Coordinate Definition

P32 Total clipped fracture area divided by domain volume.

T Mean radius of retained simulator fractures.

d Mean intersection-graph degree, 2e/n.

feomp Number of connected components divided by fracture count.

fuce Fraction of fractures in the largest connected component.

Agg)ﬁ Ordered eigenvalues of O = (3, Amm:)/(zl A;), with clipped areas

A; and unit axial normals n;.

We test whether complementary selection improves a compact DFN ensemble
while preserving its prescribed Reference hypotheses. Selectors receive identical query-
specific pools from held-out simulated parents under complete, fragmented and missing-
surface observations. Comparisons with constrained relevance—diversity, dispersion
and sequential selectors assess the coverage objective and joint search. A separate
Wadi Birk experiment uses 480 catalogue-derived virtual queries to assess workflow
deployment and predictive transfer.

2 Problem formulation

2.1 Observable traces and candidate networks

Let G* denote a parent DFN in a bounded domain 2. The observation X = O.(G*)
contains finite-window trace graphs, window positions and orientations, and masks
identifying requested and observed faces. The condition ¢ specifies complete observation,
high trace fragmentation or one missing surface. We extract an observation vector z =
U(X) and reproject each candidate G; through the same operator to obtain observable
features. The hidden parent geometry and target vector are retained separately for
training and evaluation.

Generation produces a query-specific pool Cy(x) = {G1,...,Gn} with N = 64
explicit three-dimensional networks. Selection returns an ordered subset of ten distinct
candidates, the reporting budget throughout this study. Network-attribute vectors
define the common comparison space for selection and evaluation.

2.2 Network attributes and discrepancy

We summarize each candidate by

y(G) = (P327 T, Jv fcompa fLCC7 )\50), )\éo), )\:())O)) (1)

The coordinates span fracture intensity, size, connectivity and orientation (Table 1).
Fractures are vertices in the intersection graph, and their intersections are edges. Mean
degree and component fractions describe the organization of this graph.
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Fig. 1 Nonuniqueness of DFN interpretation from finite traces. (a) Two posed observation windows.
(b,c) Constructed connected and disconnected circular-disc networks. (d) Their traces coincide on
both windows. (e) These networks have different three-dimensional structural signatures. Window
coordinates in this illustrative construction are normalized for display



Training folds determine the scales s; > 0 used to standardize coordinate differences.
The four families are intensity, size, connectivity/components and orientation, with
respective group sizes 1,1, 3, 3. The discrepancy assigns the same total weight to each

family:
1/2

4 2
1 1 Yi — 2
4 |1, - 5
g=1"9" jer, J
2.3 Candidate support and retrieval regret
For a retained index set S, |S| = 10, define
Lyo(S5y™) = mind,(yi, y*), 3)
64(y") = min dy(yi,y"), (4)
i€Cea
Regret @10 = Ly — L§, > 0. (5)

The decomposition Lig = L§, + Regret Q10 separates candidate-support error from
the additional loss introduced by shortlist selection. The pool-oracle loss Lj, is the
lowest discrepancy available within the query-specific pool. Retrieval regret measures
the retained set’s excess discrepancy above that floor.

Exact-oracle recall records whether the retained set contains a minimizer of Eq. (4).
Near-oracle recall records Lig < L, + 0.05, using an absolute margin in the standard-
ized discrepancy of Eq. (2). The hidden target identifies the best retained member
retrospectively; deployment returns all ten candidates for subsequent examination.

3 Reference-preserving hypothesis selection

3.1 Observation-conditioned candidate generation

TraceRIFT first constructs candidates from posed traces, then selects a subset (Fig. 2).
The observation vector contains 252 features: 68 geometry-core, 45 axial-orientation,
80 length/intensity and 59 topology features. The first three groups provide a 193-
dimensional non-topological context. Window poses and observation masks specify
measurement scale, orientation and availability.

The proposal factorizes simulator parameters into spatial process, orientation-
family count, radius family, unordered axial family normals and continuous macro
parameters. It supports homogeneous Poisson and toroidal Thomas-cluster processes,
one to three orientation families, and truncated lognormal or gamma radii. Topological
features inform the spatial-process factor; the remaining factors use the non-topological
context. Normal signs and permutations of orientation families are treated as equivalent.
Conditional neural spline flows model the simulator’s continuous parameters (Durkan
et al. 2019; Papamakarios et al. 2021). Each simulator attempt draws

o~ S 12),  war~pol16a), Ga =S80 wa), (6)



where q(ff ) is the observation-conditioned proposal and py governs the unresolved
realization variables. Conditioning directs simulation toward the observation while
retaining stochastic variability, following simulation-based inference from forward
models (Cranmer et al. 2020). All retrieval methods then receive the same query-specific
pool of candidates.

The proposal uses five-fold parent-level cross-fitting, with each parent’s observa-
tions assigned to one fold. Candidate generation for fold f uses models fitted on the
other folds, training-fold standardization and an inner early-stopping split. Three inde-
pendently seeded checkpoints form a uniform mixture across simulation attempts. The
six conditional flow states are indexed by spatial process and orientation-family count.
Each state uses five transforms, eight spline bins and two 192-unit hidden layers.

Each query receives 80 simulation attempts, followed by validity checks and deter-
ministic deduplication. We retain completed realizations with valid reprojections onto
the requested windows. Among realizations sharing a public-reprojection hash, we keep
the realization with the smallest content hash. Representatives retain their original
attempt order; the first 64 form the candidate pool. Construction fails when fewer than
64 eligible representatives remain after deduplication. Online Resource 1, Section S2,
lists the numerical settings and implementation details.

3.2 Predictive scenarios and reference ranking

A separate ensemble of 256 extremely randomized trees predicts the eight-dimensional
target vector (Geurts et al. 2006). The predictive covariance combines between-tree
variation with residual covariance estimated from training parents. Shrinkage of 0.10
and an eigenvalue floor of 10~ regularize this estimate. The resulting Gaussian risk
model, Y | x ~ N (g, X:), supplies target scenarios for the set-selection objective.
Reference fuses full-pool rankings of target consistency and learned public evidence.
The first scores regularized consistency with a separately predicted query target. The
second uses a learned public-evidence ranker (PyCoRE), scoring discrepancy by the

negative root-mean-square of four learned concept energies. If pz(-T) and pEP) are the
zero-based positions in these rankings, their equal-rank Borda score is
T P
ol .
! 2(N —-1) °

Sorting this score with content-derived tie breaking yields the ordered reference list
B = (bl, e ;b10)~

3.3 Complementary selection around a fixed core

We partition the Reference into a six-member core A = {b1,...,bs} and a tail Bia; =
{b7,...,b10}. For a degraded observation, TraceRIFT retains A U T, subject to

TCCu\A,  |T|=4, |T\B|<K=2. (8)
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The first reference candidate remains first, and all six core members are retained.
Complete observations return B unchanged, preserving the full ordered Reference list.
The ten-member output and six-member core are fixed design choices. We select the
replacement budget on the development fold (Section 5.2). At K = 2, at least eight
retained members belong to the original top ten. This budget defines a discrete trust
region around the Reference interpretation.

For scenario y(m), define d,,,; = d, (y(m), y;) and the core error a,, = min;c dpm;.
Candidate i contributes g,,; = max(0, a,, — d.,;) beyond the core, and we maximize
the tail’s mean coverage gain:

1 M
F(T)= 47 Zjl max g, F(2) =0. 9)

1€

Since min(a,, min;er dmi) = @ — MaX;eT gmi, Maximizing F minimizes predictive
best-member loss. Overlapping scenario coverage reduces a candidate’s marginal value
as other members enter the set.

Proposition 1 For fized candidates, core and predictive scenarios, F' is normalized, nonneg-
ative, monotone and submodular. The enumerated-greedy optimization proposal T satisfies

-~

F(T) > (1—1/e)F(Tx), where Tk is the optimal feasible tail in Eq. (8). For the deployed
budget K = 2, this bound sharpens to F(T') > %F(Tg*) Strictly improving feasible refinement
preserves these bounds.

The scenario-wise maximum has diminishing marginal returns; averaging over sce-
narios preserves submodularity. Enumeration includes an optimum’s retained-reference
subset, and greedy external selection attains 1 — (1 —1/k)* for k additions (Nemhauser
et al. 1978). Branches with zero or one external candidate are solved exactly. For
branches with two external additions, the factor becomes 1 — (1 —1/2)? = 3/4, improv-
ing the general 1 — 1/e bound. Supplementary Section S1 provides the full proof of the
optimization guarantee.

The solver enumerates R C Bi,j with |[R| = 4—k for k =0, 1,2, giving 1+4+6 = 11
branches (Fig. 3). Each branch greedily adds up to two of the 54 external candidates by
marginal coverage. Feasible one-exchange moves refine the tail whenever they strictly
improve the objective. Content-based tie breaking makes the result independent of
candidate storage order. Optimization uses 4,096 scenarios; an independent set of
4,096 scenarios checks the final proposal. A rejected proposal restores the Reference
list returned for that query. The approximation bound applies to the optimization
proposal before this independent check.

4 Numerical experiments

4.1 Parent networks and paired observations

The benchmark contains 3,532 independently simulated parent DFNs, divided into
development fold 0 (256 parents) and evaluation folds 1-4 (3,276 parents). Each



(a) Reference-anchored trust region

Reference top ten B=(by, ..., byp)

DEEEEEC TG

1
1
1
1
|
1
|
1
1
Fixed core A= {by, ..., bs} Tail By !
|
]
|
]
:
]
1

TCCeuu~A, IM=4, IT\BI<KK=2
Complete: ordered B unchanged. Degraded: ordered core A preserved.
(b) Enumerated joint tail solver
k=0 external; IRl =4 =1 external; IRI =3 k=2 external; IRl =2
(4) =1 branch (3) =4 branches () = 6 branches

1+ 4 + 6 = 11 retained-reference branches

Retain R C By, Compare all 11 branches Improving feasible
Greedy k external > gh b 1 | one-exchange refinement
additions by marginal gain cusclbesgal Proposal T
F(T)=4 Z max g,,;: Coverage beyond A
=1 i€
F(T) > ;—1F(T2 ) at K =2; general bound 1 — 1/e
Finite-scenario optimization proposal, before the independent check

,.__:__::__::__::__::__::__::__::__::__::__::__::__::__::__::__::__::__::__::__:::\
| (¢) Constructed six-scenario coverage example '
E Scenario {r1, rn}: Reference E
— 1 2 5 ¢ 5 ¢ [IEEEI] e
! ! ® @€ O O O O r1 — ey: tie; no strict gain H
2 O O @ @ O O !
: I N | v
1

o @ O @ O @ O {e1, e2}: +2 coverage i
] ]
e 0O @0 @ O @ !

6/6

1 HRNNEN o

Fig. 3 Reference-preserving tail selection. (a) A fixed six-member core and four tail positions define
feasibility. (b) Zero, one or two external additions give 11 retained-reference branches. Each branch is
completed greedily; the best branch undergoes improving feasible exchanges. The 3/4 guarantee at
K = 2 applies to the finite-scenario proposal before the independent check. (c¢) In the constructed
six-scenario example, every single replacement ties Reference coverage, whereas the coordinated pair
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parent’s proposal and predictive models exclude its outer fold during fitting. Parents
and candidates use the simulator family described in Section 3.1. This controlled setting
supplies hidden network attributes and a full-pool oracle for separating support loss
from retrieval regret. We evaluate transfer to a natural fracture catalogue separately
in Section 6.

Each simulated parent occupies a bounded cubic domain measuring 1 m per side.
A randomly oriented orthogonal frame defines three finite observation planes clipped
to the box. Complete observation retains all requested traces; high fragmentation
breaks continuity, and the missing-surface condition removes an entire face. The three
conditions share the same parent geometry and observation frame. Feature extraction
uses their common physical scale and known poses.

The evaluated cohort contains 9,828 query—condition records, comprising 3,276
complete and 6,552 degraded observations. Pools are constructed from observable
inputs, and retrieval policies are finalized on fold 0. The primary endpoint averages
the Reference-minus-TraceRIFT regret difference across each parent’s two degraded
conditions:

1
Gp= 3 CEZD {R}(a?) - R;g)} , D = {fragmented, missing surface}. (10)

Positive G, indicates a reduction in retrieval regret. Complete observations test
preservation of the full ordered Reference list.

4.2 Comparators and development settings

TraceRIFT is compared with Reference and two earlier protected-exchange rules. Fixed-
donor exchange replaces the rank-ten Reference candidate; Target-guided exchange
chooses its donor through target consistency. Both permit one exchange, so these
comparisons include differences in selection rules and intervention budgets. The
sequential-tail comparator shares TraceRIFT’s six-member core, four tail positions
and K = 2 budget, but uses a strictly improving sequence of single exchanges. This
comparison assesses joint search at the same set size and replacement budget.

We additionally compare maximal marginal relevance (MMR; Carbonell and Gold-
stein 1998) and farthest-first selection (Gonzalez 1985), adapted to the same core and
two-addition budget. MMR-R uses Reference ranks for relevance; MMR-P uses sin-
gleton expected loss under the same predictive scenarios. Both penalize similarity to
retained members. Each external proposal receives the same independent predictive
check. The two MMR weights are selected on fold 0, then frozen. These compar-
isons reuse the archived candidate pools; Supplementary Section S6 gives definitions,
parameters and unchecked outputs.

To assess dependence on the Reference ranking, we also use target-consistency-
only and observable-discrepancy-only rankings. The latter ranks candidates by
increasing root-mean-square discrepancy across geometry, orientation, topology and
quality /missingness. Each ranking supplies its own top ten and protected first six.
Reference, TraceRIFT and Sequential share that ranking, the original 64-member pool,
unchanged predictive scenarios and the two-addition budget. No model or parameter

10



is refitted or retuned. This retrospective sensitivity analysis uses the existing held-out
parents; Supplementary Section S7 defines the rankings and evaluation protocol.

Development ablations test unrestricted joint selection, rank-1-only protection, and
removal of the complete-view shield or independent scenario check. We evaluate replace-
ment budgets K = 0,1,2,3,4 using the predefined development criteria. Eligibility
includes an exact-oracle recall ratio of at least 0.95 relative to Reference. Parent gain
must also have a positive one-sided 95% lower bound. Among eligible budgets, the
largest lower bound determines the selected value.

We compare the finite-scenario objective against exhaustive search on 30 fixed
degraded queries at each budget from one to four. Both solvers receive identical
candidates and predictive scenarios for these comparisons. Supplementary Section S2
reports search counts, development summaries and implementation settings.

4.3 Statistical analysis

We estimate primary effect intervals using 10,000 paired parent-clustered bootstrap
replicates. Each resampled parent retains all conditions, with identical resampling
indices across methods. We report percentile intervals for paired means and condition-
and fold-specific effects. Target-wise and binned summaries are secondary analyses
reported with pointwise intervals. Intervals for the additional baseline contrasts are
also pointwise.

Candidate support is described by Lg,, pairwise target distances and its share of
total best-member loss. Target-wise fidelity is the minimum absolute standardized
error within each retained set for each coordinate. Gain heterogeneity is summarized
by parent-level exceedance curves, condition-wise outcomes and equal-count bins of
pool-oracle loss or Reference regret. Nested prefixes evaluate support at increasing
candidate counts in retained attempt order. Supplementary Section S3 defines these
diagnostics and their aggregation rules.

5 Results

5.1 Separating candidate support from selection loss

The generator produced 64 distinct candidates for every benchmark query across the
three observation conditions. Across all 3,532 parents, 847,680 simulation attempts
yielded 678,144 retained realizations, including 628,992 candidates in the held-out folds.

Pool-oracle loss and candidate diversity are broadly comparable across observation
conditions (Fig. 4). Under degraded observations, mean support loss of approximately
0.272 and TraceRIFT retrieval regret of 0.070 give a total best-member error of about
0.342. Candidate support accounts for 79.6% of this error; the remaining gap measures
the loss introduced by shortlist selection.

Across support quintiles, median regret varies less than the upper quantiles, revealing
larger missed opportunities in the tail.

11
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5.2 Replacement budget and solver accuracy

The development comparison selects K = 2, which gives the larger eligible lower bound
on parent gain (Fig. 5). Budgets one and two meet the eligibility criteria; budgets three
and four fall below the exact-recall threshold.

The enumerated solver closely matches exhaustive optimization on the checked
queries. Across 120 query-budget comparisons, mean relative objective loss is 0.0333%
and the maximum is 1.4291%. Agreement is exact in all 30 one-replacement cases, 28
two-replacement cases, 27 three-replacement cases and 28 four-replacement cases.

At K =2, the 8,803 feasible tails are represented by 11 retained-reference branches,
within which the solver applies greedy scans and local exchanges. An implementation
reusing candidate-column and maximum buffers reproduced every optimization and
check record on all 6,552 degraded held-out queries. All 3,276 complete-observation
lists also matched exactly. A serial interleaved benchmark on 160 degraded queries,
with three repeats per implementation, reduced mean selection time from 19.06 to
5.53 ms (3.44-fold). A separate multi-method run measured 24.71 ms for the original
TraceRIFT implementation, 19.51 ms for Sequential, and 1.04, 1.31 and 1.16 ms for
MMR-R, MMR-P and farthest-first. Timings include method-specific preprocessing and
final checks, excluding shared scenario construction, inference, candidate generation
and reprojection. Supplementary Section S6 specifies both runs.

5.3 Reduced regret with the reference core intact

TraceRIFT reduces degraded mean retrieval regret by 22.68% relative to Reference,
from 0.090321 to 0.069836 (Table 2; Fig. 6). The paired parent gain is 0.020485, with
a 95% interval of [0.018320, 0.022747].

Including shared support loss of approximately 0.2721, total best-member loss
decreases from about 0.3624 to 0.3419, a reduction of approximately 5.7%.

Mean regret decreases by 24.04% under fragmentation and 21.25% with a missing
surface, supporting the pooled effect across both degraded conditions. Gains across
the four held-out folds are 0.022841, 0.022157, 0.019809 and 0.017127. TraceRIFT also
reduces mean regret relative to Fixed-donor and Target-guided exchange, with paired
gains of 0.013603 [0.011488, 0.015717] and 0.013748 [0.011610, 0.015945], respectively.

TraceRIFT also reduced mean regret relative to MMR-R, MMR-P and farthest-first
selection. The paired gains were 0.007420 [0.005541, 0.009351], 0.008366 [0.006602,
0.010181] and 0.019153 [0.017066, 0.021403], respectively, with 95% parent-clustered
intervals. These gains compare predictive scenario coverage with relevance—diversity
balancing and dispersion in candidate-attribute space.

Relative to Reference, P95 regret falls by 23.37%, from 0.347001 to 0.265895; P90
and P99 fall by 23.26% and 20.59% (Fig. 7). Exact-oracle recall increases from 37.8816%
to 39.8199% (+1.9383 percentage points), and near-oracle recall from 53.8462% to
57.6007% (+3.7545 points).

All 3,276 complete observations retain the original ordered top ten, and all 9,828
held-out queries preserve the rank-1 candidate and six-member core. Their rank-1
target and trace errors are consequently identical, with improvements confined to the
selected tail.

13



(a) (b)

@ Point estimate —@— Exact-oracle recall
[] One-sided 95% lower bound ~®- Near-oracle recall
g 0.0201 K =2 selected 1.05 1
S 166 ©
o) 0.0162 21
o= o SOl
0, 0.0151 B3}
—— (5]
s % ~ 1.001
S o 2] L
g £ Z :
T = 0.010 £ ‘®
51 4
50 i) Exact-recall ga .
2g B 095 T
= 8 0.005- =
<& =
23 3
D Reference 2
A 0.000- , : : . 0.901— . . : .
0 1 2 3 4 0 1 2 3 4
Replacement budget K Replacement budget K
(©) (d
Exact agreement -0- Exhaustive feasible tails
o Enumerated retained-tail
30/30 28/30 27/30 28/30 branches
1.51 R 10°
o ”D
= 2 10° A
R z e
E.2 1.0 5 _ 10*- g’
g ) /" 9.16 ms/query—K
2 S g 3 10° / : duery
oo o2 ’
= e o
Z 205+ S £= 107 K=2:11vs 8,803
SIS 2 /
25 3 10! /
[aln3) - 1
o ® ® g //
001 e TG _,_,__ (o] 10° . . ; . .
1 2 3 0 1 2 3 4
Replacement budget K Replacement budget K

Fig. 5 Replacement-budget selection and solver accuracy on development fold 0 (256 parents). (a)
Degraded parent-gain estimates and one-sided 95% lower bounds, connected by vertical segments.
(b) Exact- and near-oracle recall ratios, with an exact-recall eligibility threshold of 0.95. (c) Relative
objective loss against exhaustive search for 30 queries at each budget; labels give exact-agreement
counts. (d) Numbers of feasible tails and retained-reference branches. Budget selection gives K = 2

5.4 Attribute coverage and distribution of gains

The retained sets attain lower pooled best-member errors in all eight target coordinates
(Fig. 8). Improvements in intensity are smaller than those in orientation, with the
relative pattern differing between fragmentation and missing-surface observations.
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Table 2 Held-out degraded retrieval results on 6,552 queries from 3,276 parents.
Mean and P95 refer to retrieval regret; total loss is best-member attribute error.
Recall is a fraction of query records. External baselines use the common
predictive check. Fixed-donor and Target-guided allow one exchange; MMR-R,
MMR-P, farthest-first, Sequential and TraceRIFT share a six-member core and a
two-addition limit.

Method Mean P95 Total loss Exact recall Near recall

Reference 0.090321 0.347001  0.362420 0.378816 0.538462
Fixed-donor  0.083439 0.317453 0.355538 0.382784 0.549756
Target-guided 0.083584 0.321881 0.355683 0.388126 0.554029
MMR-R 0.077256 0.289792  0.349355 0.376526 0.552656
MMR-P 0.078202 0.299304 0.350301 0.388584 0.563339
Farthest-first  0.088989 0.335183  0.361088 0.372711 0.534341
Sequential 0.069777 0.266553  0.341876 0.397741 0.576007
TraceRIFT 0.069836 0.265895  0.341935 0.398199 0.576007

Under strict-sign classification, approximately 29.3% of parents have positive
degraded mean gain and 18.3% have negative gain (Fig. 9). Positive gains extend
farther into the magnitude tail, while condition-wise ties account for 71.7% under
fragmentation and 71.9% under a missing surface.

Mean gains increase toward the more difficult support bins and are largest in
the high-Reference-regret bins. The lower Reference-regret bins include slightly nega-
tive effects, consistent with smaller changes where Reference already retains a close
candidate.

5.5 Effects of reference protection and joint selection

The development ablations reveal a trade-off between upper-tail improvement and
oracle recall (Fig. 10). Unconstrained and rank-1-only selectors lower some upper-tail
errors but reduce exact-oracle recall and replace more of the reference list. Six-member-
core variants retain more reference members and higher recall while preserving an
upper-tail gain. Removing the complete-view shield reduces development mean error
but changes the complete-observation list. Removing the independent scenario check
leaves the development outputs unchanged because every proposal passes that check.

Joint and same-core sequential selection frequently return different hypotheses with
the same best-member error. Their ordered lists differ for 3,684 of 9,828 held-out queries
(37.5%), whereas realized regret is identical for 9,682 queries (98.51%). TraceRIFT has
lower regret on 75 queries and the sequential selector on 71. For the degraded primary
endpoint, the parent-mean contrast, Sequential minus TraceRIFT, is —5.9 x 10~° with
a 95% interval of [—5.12 x 107%,4.02 x 1074].
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Fig. 6 Held-out mean-regret effects. (a) Comparator-minus-TraceRIFT paired gains for seven com-
parators, with TraceRIFT shown as a hollow zero-reference marker. Error bars are pointwise two-sided
95% paired parent-bootstrap percentile intervals from 10,000 draws. (b) Absolute degraded mean
regret for all eight methods, in the same row order as (a). (¢) Reference-minus-TraceRIFT gains under
fragmented and missing-surface observations; percentages give relative mean-regret reductions. (d)
The same contrast across held-out folds 1-4, with its pooled mean (line) and 95% interval (band).
The primary endpoint averages both degraded conditions within each of 3,276 parents, giving 6,552
query records; development fold 0 is excluded. The added MMR, and farthest-first comparisons use
the common independent predictive check. The Sequential contrast crosses zero
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(a) Upper-tail regret quantiles
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Fig. 7 Upper-tail regret, oracle recall and reference preservation. (a) Empirical upper quantiles of
query-level regret for all eight methods; markers identify P95 and P99. Sequential and TraceRIFT
nearly coincide. (b) Exact- and near-oracle recall at ten, expressed as fractions of the 6,552 degraded
queries; the near-oracle tolerance is 0.05 in standardized discrepancy. The two recall columns use
separately labelled scales. (c) Preservation of the ordered complete-observation top ten (3,276 queries)
and degraded six-member core (6,552 queries). “Exact” means preservation on every applicable query;
“Changed” means at least one differs. Historical one-exchange methods retain their recorded protection
outcomes. All methods report ten members from the same query-specific 64-member pools; the added
MMR and farthest-first curves use their checked outputs
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Fig. 8 Target-wise best-member fidelity. (a) Paired reductions in absolute standardized error for all
eight attributes, pooled and by degradation condition. (b) Fold-specific mean effects. Positive values
favor TraceRIFT. Minima are evaluated separately by coordinate within each retained set, so different
attributes may be represented by different candidates. Intervals use parent-level resampling
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mean gain, using all held-out parents as a denominator. (b,c) Mean gain in equal-count bins of
pool-oracle loss and Reference regret, with parent-based pointwise intervals. (d) Paired condition-wise
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classifies each condition with tolerance 10~® (Supplementary Section S3). These bins are descriptive
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Fig. 10 Reference-protection ablations and solver comparison. (a,b) Development-fold changes in
recall, upper-tail regret and mean regret after architectural changes; connectors join point estimates.
(c) Joint-sequential ordered-list and realized-regret agreement across 9,828 held-out queries, using one
count-to-width scale. (d) All-condition parent-mean regret difference, Sequential minus TraceRIFT,
with its 95% parent-clustered interval. This panel averages all three conditions; our primary endpoint
averages only fragmented and missing-surface conditions
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Table 3 Reference-ranking sensitivity on the same 3,276 held-out parents. Entries
are degraded mean regret. Each ranking defines its own top ten and six-member core;
TraceRIFT and Sequential allow at most two additions. Gain is Reference minus
TraceRIFT, with a pointwise 95% paired parent-bootstrap interval.

Ranking Reference TraceRIFT Sequential Gain [95% CI]
Borda 0.0903 0.0698 0.0698 0.0205 [0.0183, 0.0227]
Target only 0.1063 0.0750 0.0753 0.0313 [0.0284, 0.0341]
Observable RMS 0.1040 0.0797 0.0800 0.0243 [0.0221, 0.0264]

5.6 Sensitivity to the Reference ranking

Replacing Borda fusion with target-consistency-only or observable-discrepancy-only
ranking changes the ordered Reference top ten for every query. TraceRIFT reduces
degraded mean regret relative to these References by 29.42% and 23.32%, respectively
(Table 3). The positive paired intervals support improvement under both alternative
rankings. Absolute TraceRIFT regret remains lowest with the original Borda Reference,
indicating that the protected starting interpretation still affects the final ensemble.
Within each ranking, TraceRIFT and Sequential yield numerically close mean regrets,
and all paired contrast intervals span zero. The gains over the corresponding Refer-
ences are consistent with the predictive-coverage objective shared by both selectors.
Supplementary Section S7 reports all nine ranking—method combinations.

5.7 Additional support from larger candidate pools

Increasing the retained prefix from 8 to 64 candidates lowers mean pool-oracle loss
(Fig. 11). Early increments produce larger reductions, with further improvement from
48 to 64 candidates at the largest tested pool size.

21



0.50 A

0.45 A

0.40 -

0.35 1

0.30 1

Mean pool-oracle loss

0.25

0.20

T T T T

8 16 24 32 48 64
Retained candidates, m

Fig. 11 Candidate-pool size and oracle support. Mean pool-oracle loss for retained prefixes of
m = 8,16, 24, 32,48, 64 candidates in original attempt order. Each point uses nested subsets of common
generated pools

6 Transfer to the Wadi Birk catalogue

We applied the unchanged workflow to the public Wadi Birk fracture catalogue derived
from a mapped outcrop (Panara et al. 2024a,b). Catalogue centers, normals and radii
define disc networks within 24 analysis cells, each measuring 20 m. Four deterministic
frames per cell and five observation conditions per frame yield 480 virtual queries. These
queries test candidate construction, Reference preservation and predictive transfer
under the catalogue’s fracture distribution.

The workflow produced 64-member pools for all 480 queries. It preserved the
ordered Reference list for all 96 complete observations, rank 1 for all 480 queries and
the six-member core for all 384 degraded observations (Fig. 12).

For predictive transfer, field-target regret decreased from 0.133346 to 0.129739;
the paired gain was 0.003606 with a 95% interval of [—0.005004, 0.013503]. Held-out
virtual-trace regret decreased from 0.159305 to 0.147995, with a gain of 0.011310
[—0.013581, 0.038994].

Five catalogue cells were empty, and 185 of the 288 withheld surfaces contained
no catalogue traces. The remaining 103 surfaces spanned 17 cells. Mean trace-length
coverage on these nonempty surfaces was approximately 3.01% under the specified
matching procedure. Their post-hoc parent-mean gain was 0.001162, with a 95% interval
of [—0.002446,0.005132]. Supplementary Section S4 reports the separate empty- and
nonempty-case analyses.
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Fig. 12 Transfer to Wadi Birk catalogue data. (a) Spatial layout of the 24 analysis cells used for the
Wadi Birk fracture catalogue, with the selected cell highlighted (data from Panara et al. 2024b). (b)
Catalogue-derived virtual posed traces. (c) Catalogue and candidate networks with withheld-window
reprojections. Reference and TraceRIFT examples are retrospectively identified best members of their
retained sets for a fixed display query. (d) Parent-level gain estimates with 95% intervals and reference-
preservation counts. This experiment comprises 24 cells, 480 queries, 96 complete observations and
384 degraded observations
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7 Discussion

7.1 Choosing complementary fracture-network hypotheses

TraceRIFT makes ensemble reduction an explicit decision within geological interpreta-
tion, with candidates valued by their contribution to the retained set. The common-pool
comparison isolates shortlist construction from changes in candidate generation.

MMR balances a candidate’s individual relevance with its similarity to retained
hypotheses (Carbonell and Goldstein 1998). Separation in candidate space, however,
need not fill an uncovered region of plausible target attributes. Scenario coverage
directly values how much each addition reduces best-member error across the predictive
target distribution. MMR-P shares that distribution and its sampled targets, so the
comparison supports evaluating coverage of the whole ensemble rather than individual
relevance with pairwise redundancy. The similar regret of the coverage-based Sequential
selector across all three Reference rankings further supports this interpretation.

The retained geometries allow an interpreter to compare observed-window reprojec-
tions and structural attributes while inspecting tail additions alongside the Reference
core. Additional traces or borehole observations can screen these alternatives against
new evidence, linking shortlist construction to subsequent geological interpretation.

Best-member loss measures whether useful configurations survive ensemble
reduction, with the closest member identified retrospectively during evaluation.
At deployment, the method returns an unweighted ensemble of ten networks for
candidate-specific simulations and conditional response ranges.

7.2 Reference preservation as a bounded update

The protected core and replacement budget specify the permitted change to an existing
interpretation while leaving room for complementary alternatives. The two-addition
limit preserves at least eight identities from the Reference top ten, while complete obser-
vations keep their ordered list. Reference quality therefore affects both the protected
hypotheses and the alternatives reachable within the replacement budget.

Enumeration exploits the small replacement budget to express constrained selection
as a sequence of cardinality-constrained subproblems. Improvements over target-
consistency-only and observable-discrepancy-only References show that the selection
gain extends beyond the original Borda fusion. Their different absolute errors also
show why the starting Reference remains consequential.

7.3 Separating generation, selection and geological transfer

The support—selection decomposition identifies two routes to better retained networks
and provides a separate metric for each. Improved generation lowers the pool-oracle
error floor; improved selection closes the gap between that floor and the retained set.
Process-informed growth models, richer fracture shapes and additional observations
can be evaluated through their effects on candidate support before comparing selection
rules.
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The target representation determines which geological distinctions the selector
rewards through intensity, size, graph structure and orientation concentration. Orienta-
tion eigenvalues describe concentration rather than tensor directions, while degree and
component fractions summarize connectivity rather than spatially directed pathways.
Flow or mechanical applications require response-specific evaluation with aperture,
stress dependence, constitutive behavior and boundary conditions specified for the
retained geometries.

The controlled benchmark provides exact parent targets, whereas Wadi Birk supplies
catalogue-derived virtual observations for testing the unchanged workflow. Indepen-
dently registered multi-surface or volumetric observations would help distinguish the
effects of fracture shape, spatial organization, catalogue truncation and observation
geometry. The decomposition could then identify whether added evidence improves
candidate support, selection, or both under these observation conditions.

8 Conclusions

TraceRIFT selects complementary fracture networks from a fixed candidate pool while
preserving a prescribed Reference core. On 3,276 held-out simulated parent DFNs; it
reduced degraded mean retrieval regret by 22.68% and its 95th percentile by 23.37%.
Mean regret was also lower than for two constrained MMR variants and farthest-first
selection, and reductions relative to Reference persisted under both alternative rankings.
Oracle recall increased, and every protected core member was preserved across the
evaluated observation conditions. The support—selection decomposition locates these
gains within shortlist construction, providing separate criteria for improving candidate
generation and ensemble retention. Together with bounded Reference updates and
finite-scenario coverage optimization, it makes this selection step measurable within
DFN interpretation.

Supplementary information

Online Resource 1: Supplementary methods and results, including the optimization
proof, implementation settings, evaluation metrics, Wadi Birk transfer analyses and
reproducibility materials.

Online Resource 2: Additional baseline comparison code, an equivalent optimized
selector, frozen protocols, development settings, selected policies, source tables and
audit records.

Online Resource 3: Reference-ranking sensitivity code, frozen policies, full results
and independent audits, together with updated Figure 6 and Figure 7 source data and
plotting scripts.
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