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Abstract

Excavated bamboo slips are a primary written record of early China, but reach
conservators as thousands of fragments whose grouping into slips is lost, and
rejoining them must precede reading, dating or display. Computational matchers
return ranked candidate lists that a specialist still resolves by hand. This study
treats reassembly as one constrained optimisation over a whole corpus, carrying
slip length, width and scribal hand as latent properties of the slip rather than
as pairwise features. Applied to a corpus scaled to the Shuihudi Qin find of 3253
fragments, the framework recovered 33.4% of multi fragment slips intact where
maximum weight bipartite matching recovered 0.5%, and reduced joins that fuse
two different slips from 2122 to 380. Results reveal that excavation context is the
most valuable of five evidence sources tested, yet no published system uses it.
The approach enables corpus scale reassembly from evidence excavations already
record.

Keywords: bamboo slips, fragment reassembly, excavation context, Shuihudi,
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1 Introduction

Bamboo and wooden slips carried the administration and the law of early China, and
the corpora recovered from tombs are primary evidence for the period. The Qin legal
manuscripts from Tomb 11 at Shuihudi in Yunmeng, Hubei, excavated in 1975, are
the best known example [1]. That find produced 1155 slips together with 80 loose
fragments. The slips are 23.1 to 27.8 cm long and 0.5 to 0.8 cm wide, and each
carried two or three cords that bound it into a roll. Bamboo of this kind survives only
where burial keeps it waterlogged and anoxic, so the material reaches a conservation
laboratory soft, dimensionally unstable and already broken [2, 3].

Rejoining the pieces is the gateway task for any find of this kind. Until fragments
are grouped into slips and ordered within each slip, the text cannot be read, the
document cannot be dated by its content, and neither display nor facsimile publication
can proceed. Rejoining also governs conservation planning, because the number and
shape of the reconstructed objects determines how they are mounted and stored. It
is slow work. For a few thousand fragments the number of possible pairs runs into
the millions, and each candidate has to be judged by a specialist against the break
surface, the writing and the physical form of the piece.

Computational help has arrived for one half of the problem. Matching networks
now score pairs of fragments well. WisePanda generates its training pairs from the
physics of bamboo fracture and deterioration, and raises Top-50 matching accuracy
from 36% to 52% among more than one thousand candidate fragments, with archaeol-
ogists reporting about twenty times faster work [4]. Work on Dunhuang manuscripts
predicts the most likely reassembly candidates using a neural combinatorial layer and
a multimodal language model [5], and patch level handwriting style has been used to
group manuscript fragments by scribe [6]. Rejoining is one of several tasks on this mate-
rial that machine learning has taken up. Damaged characters on Qin and Han slips are
now restored by learned image models [7, 8], oracle bone fragments are rejoined from
their images [9, 10] and their characters deciphered [11], and ancient texts are restored
and attributed at corpus scale [12-14]. Reassembly is the step all of these depend on,
since a character cannot be restored on a slip that has not yet been rebuilt.

The same pattern holds for other fragmented heritage material. Systems built for
the Theran wall paintings acquire and match fresco fragments at volume, first by the
shape of the break and then by colour and material, and later learn the match function
from examples [15-17]. Thin artefacts of unknown geometry have been rejoined from
their break surfaces alone [18], three dimensional fragments from their fracture regions
[19, 20], flat irregular fragments from learned descriptors [21, 22], and papyri and
ostraca from siamese and metric learning networks [23-25]. Methods of this kind are
now common in heritage practice [26-28].

What all of these produce is a ranked list of candidate partners for each fragment.
A list is not a reconstruction. Candidates conflict, because several fragments are often
proposed as the partner of the same fragment, and only one of those claims can be
right. A list also carries no model of the object being rebuilt, so a set of individually
plausible joins can imply a slip longer than any slip ever was, or one whose width
changes halfway down, or one whose binding notches fall where no cord ran. Resolving
this concerns the corpus as a whole, and at present it is left to the specialist.



Global reasoning is not itself new. Square jigsaw solvers enforce loop consistency
across the assembled grid [29], fragment placement has been posed as a shortest path
problem over a graph of candidates [30], and a benchmark of real fresco fragments
now scores whole reassemblies rather than pairs [31]. What these share is a model of
the puzzle, its grid or its bounding frame. None carries a model of the object being
rebuilt, and for slip material the object is where most of the surviving evidence sits.

An excavation records much more about a fragment than its broken edge. It records
the context the piece came from, its dimensions, the position of any binding notch,
and often an attribution of the hand that wrote it [32]. None of this reaches a pair-
wise matcher, and some of it cannot, because a notch only becomes evidence once a
fragment has been given a position within a slip. Two questions follow. How should
such evidence be used, and which of it actually determines how much of a corpus can
be put back together?

This study answers both by stating reassembly as a single constrained optimisation
over an entire corpus, in which each source of evidence enters as a constraint and
removing each in turn measures what it was worth. The formulation is the substance
of the first question. Slip length, width and scribal hand describe a slip and not a pair
of fragments, and encoding them pairwise, as our own first model did, wastes them.
Carried instead as latent properties shared along each reconstructed slip, the same
evidence moves the entire operating curve of the method. The answer to the second
question is that excavation context, which every excavation records and no published
system uses, is the most valuable evidence of all.

2 Methods

Fig. 1 summarises the procedure. Fragments are described at their fracture ends, a
trained encoder scores every candidate join, and one constrained optimisation over the
whole corpus turns those scores into reconstructed slips.

2.1 Simulated corpora

A reconstruction cannot be scored without knowing which fragments truly join, and
that is exactly what a real corpus does not tell us. We therefore work on simulated
corpora, which is also the practice of the matching work we build on [4].

Each instance is a corpus of synthetic slips with complete ground truth. A slip is
drawn with length in 231 to 278 mm and width in 5 to 8 mm, the ranges reported for
the Shuihudi Qin corpus, and carries three binding cords at nominal fractions 0.06,
0.50 and 0.94 of its length, jittered by 3 mm, each cut as a notch in one edge. The
substrate is an anisotropic bamboo texture, with longitudinal fibre striations that have
a short correlation length across the width and a long one along the length, plus a
few darker vascular bundles running the full length. Text is rendered from a clerical
script (lishu) stroke grammar, a stack of horizontals crossed by one or two verticals
with optional hooks and a flared terminal. Stroke width, slant, glyph scale, ink density
and line pitch jitter are all fixed per scribal hand, so that the hand is a stable and
learnable property of a slip. Palaeographers attribute slips to hands in exactly this
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way [32], and automatic writer identification recovers such attributions from ink trace
measurements and patch level style [6, 33, 34].

2.2 Fracture and taphonomy

Bamboo is strongly anisotropic, a graded composite of stiff fibre bundles in a soft
parenchyma matrix [35]. A transverse crack repeatedly deflects into the weak interface
between fibre and matrix, so the fracture surface is a sequence of pulled out fibre
bundles rather than a clean cut [36]. We model each break as a per column offset,
taken as band limited noise whose correlation length is the bundle spacing, scaled by
a Gamma distributed pull out length with shape below 2. That gives the heavy tail
which produces occasional long tongues, and an explicit dominant tongue is added
with probability 0.45. Material is lost at a break with probability 0.35, and when it is,
the two pieces belong to the same slip but no longer physically join. Whole fragments
are lost with probability 0.12. The evaluation respects both distinctions throughout.

Recovered pieces receive edge erosion, staining, ink fading, a photographic tilt and
a gentle bow from the curvature of the culm, following the damage reported for buried
bamboo strips and for waterlogged organic material generally [2, 3]. Each of the two
faces of a break independently loses its own sliver of material and carries its own
staining. This matters more than any other choice in the generator. If the two faces are
treated as one curve recorded twice, a network learns to match them almost perfectly
and the problem disappears, so we draw the loss and the staining independently for the
two faces. What that destroys cannot be recovered by any matcher, however trained.

Three co varying physical quantities set the difficulty: the relief the break carries,
the material lost independently from each face, and the independent staining of each
face. Five states, P1 to P5, span the range. Every result is reported as a function of
position on this ladder, and wherever possible against the matcher’s own measured
Top-k accuracy, so that the findings can be read against any published matcher rather
than against our generator’s parameters.

2.3 Pairwise matching

Fragments are rectified on their two long machined edges by a trimmed least squares
fit, which is the cue a conservator uses. Each fracture end is then described by the
silhouette of the break and by the texture strip immediately inside it, both resampled
to a canonical width, with the column support measured at that end of the piece so
that residual tilt cannot smear the descriptor.

A shared encoder embeds each fracture end into a unit vector, and the compatibility
of two ends is the inner product of their embeddings. Scoring a corpus is then a single
matrix product, which is what makes corpora of five thousand fragments tractable,
since a cross encoder over all ordered pairs would be twenty five million forward passes.
The encoder takes two channels, the texture strip and the standardised silhouette
profile broadcast down the height, so that profile and texture are registered column
by column. It collapses height by strided convolution while keeping the width axis
until late, because the evidence for a join is column registered. Training uses in batch



InfoNCE [37] over true joining pairs with a learned temperature, and photometric and
sub pixel augmentation are applied independently to the two sides of each pair.

Two choices protect the later analysis. The matcher never sees slip width, binding
notch heights, scribal hand or excavation context, because those are the evidence tested
in the ablation and withholding them here keeps that test free of leakage. Training
corpora are drawn from a seed range disjoint from every corpus used in evaluation,
with preservation randomised over the whole ladder, so that the matcher is not out
of distribution on the poorly preserved corpora. Otherwise the global stage would be
credited with beating a straw man.

2.4 Calibration

Raw scores from a discriminative network are not probabilities, and a decision rule
built on them is only as good as the mapping used [38, 39]. Raw scores are therefore
mapped to log odds by Platt scaling fitted on dedicated calibration corpora with
known ground truth, at balanced class ratio, so that the result is the likelihood ratio
of the score under match against non match and carries no corpus prior. The prior
belongs in the structure rather than in the weight of a candidate join. The uniqueness
requirement already encodes that an end has at most one partner, and the residual
reluctance to claim any join is a single scalar threshold 6.

The threshold is selected on calibration corpora from a grid of posterior confidences
from 0.30 to 0.9997, converted to logits. Posterior confidence rather than raw logits
is used because the fitted calibration slope varies by almost an order of magnitude
across the preservation ladder, since a well preserved corpus separates matches from
non matches so sharply that the logits are large. A grid fixed in logit units would mean
something different at each rung, and would silently truncate the search for whichever
method prefers a high threshold. The threshold is tuned separately for every method,
so each is reported at its own best operating point. Nothing is fitted on evaluation
corpora.

2.5 The assembly model

Reassembly is stated as one optimisation over the whole corpus. Let x;; be a binary
decision that is one when the lower break of fragment ¢ joins the upper break of
fragment j, taken over a candidate set A of the top k partners per fracture end, and
let w;; be the calibrated log odds of that join less the threshold §. We maximise the
total weight of the accepted joins,

max Z Wi Tij, (1)

(i,j)€A

subject to the conditions that describe what a slip physically is.

Each fracture end joins at most one other end, since a break has two faces and no
more. A slip is a chain and never a cycle or a branch. To impose this, let 7; be the
distance from the top of the reconstructed slip to the top of fragment i, and h; the
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height of that fragment. A selected join sets
.’L‘ijzl iﬂ'j:ﬂ'i—i-hi. (2)

Because an accepted join forces this position to increase by the height of the preceding
fragment, a single family of variables enforces the linear order, forbids cycles and
branches, and caps the assembled length, all at once.

Two further conditions are simple gates on which joins may be considered. Frag-
ments whose observed widths differ by more than a tolerance cannot join, and
fragments from incompatible excavation contexts cannot join. Attribution of the
scribal hand is noisy, so it enters the objective rather than the constraints, as the
log likelihood ratio for same slip membership given agreement or disagreement of the
attribution.

2.6 Latent slip properties

Slip length, slip width and scribal hand describe a slip, not a pair of fragments. For
each fragment ¢ we therefore introduce the length A;, the width €2; and the hand »;
of the slip it belongs to, and require an accepted join to carry them along the chain,

rij=1= Aj=A;, Q=Q, n=mn (3)

Three consequences follow, and together they are the methodological contribution
of this work. First, a reconstructed chain must fit inside its own slip, rather than
merely inside the longest slip in the corpus. Second, a notch observed at local height
v on fragment ¢ sits at absolute height 7; + v within the slip, and can only lie where
a cord ran, so

|mi + v — foli| <7 for one cord fraction f., (4)

which is linear in the latent length and ties the notches on different fragments of one
chain to a single shared value. That coupling is what anchoring notches to corpus
wide windows discards. This is also absolute positional evidence, available only once
a fragment has been given a position, which is why no pairwise scorer can use it.
Third, the hand becomes a latent category of which the observed attributions are noisy
readings, so each fragment contributes evidence when its observation agrees with the
hand of its chain, instead of a bonus applied once per join, which double counts the
same weak evidence along a chain.

The latent width also removes a drift that a pairwise gate permits. With a toler-
ance applied between neighbours, a four fragment chain can drift by three times that
tolerance from end to end, whereas one shared width cannot.

A notch that cannot be placed in any window is charged a penalty rather than
rendering the instance infeasible. Cord jitter and the corpus’s own length variation put
the occasional genuine notch outside every window. Imposed as a hard requirement
this makes the whole corpus unreconstructable, and in a sensitivity sweep over the
tolerance it would misattribute that brittleness to the information content of the
constraint.



The model is solved with the CP-SAT constraint programming solver [40], dis-
tributed in Google OR-Tools (https://developers.google.com/optimization), and we
report whether the returned solution is proven optimal. Hyperparameters are listed in
Supplementary Table 1. Only the threshold 6 is tuned, and it is tuned on calibration
corpora disjoint from every evaluation corpus.

2.7 Compared methods

Every method compared here is a constraint subset of the same model, solved by
the same solver on the same candidate set, so differences follow from the evidence
used and not from the implementation (Supplementary Table 2). The comparison of
interest is maximum weight bipartite matching, which is the standard way to resolve
conflicts between candidates and is the strongest alternative that does not model the
slip. It is Eq. (1) under the uniqueness requirement alone. A dense Hungarian solver
[41] would be equivalent but is cubic in the fragment count and cannot reach these
corpus sizes. We also report taking the top ranked candidate for each fragment, which
is the naive use of a ranker, the mutual best heuristic, and an oracle specialist who
finds the correct partner whenever it appears in the top k of a list and never errs. That
oracle is an upper bound on any workflow whose output is a ranked list of joins, and
it is charged its true cost, the number of candidate pairs a specialist must inspect.

2.8 Evaluation

Three questions are asked, and they are not interchangeable. Whether individual joins
are right, measured by precision, recall and F; over true joins. Whether the slips are
right, measured by the adjusted Rand index [42] of the induced partition of fragments
into slips. Whether the output is usable as it stands, measured by the fraction of true
multi fragment slips recovered exactly end to end.

We report separately the rate of joins that link fragments of two different slips,
because the two kinds of error differ in cost to a conservator. Linking two fragments of
one slip that no longer physically join misplaces an adjacency but leaves the fragment
in the right slip, and little is lost. Joining fragments of two different slips corrupts two
reconstructions at once and must be found and undone.

Corpora contain 1151 fragments unless stated otherwise, each cell is repeated over
five seeds, and we report means with standard deviations. Instances are deterministic
given a seed, and training, calibration and evaluation corpora come from disjoint seed
ranges. Nothing is fitted on the evaluation corpora.

2.9 Sensitivity analysis

Sobol total order indices [43, 44] were estimated over ten parameters, comprising eight
properties of burial and observation and the two tolerances of the method, from 384
model evaluations on corpora of 120 slips, using SALib [45]. Confidence intervals are
reported at 95%.
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3 Results

3.1 The simulated corpora reproduce published difficulty

A benchmark is only useful if it is as hard as the material, so we first place the
preservation ladder against a published result (Fig. 2).

A single matcher, trained once, reaches Top-1 accuracy of 0.930, 0.896, 0.764,
0.502 and 0.237 across the five states. At the worst state, on a corpus of 5131 frag-
ments, it reaches Top-50 accuracy of 0.565. This is comparable to the 0.52 reported
for WisePanda among more than one thousand candidates [4], on a corpus about five
times smaller. States P4 and P5 therefore bracket the difficulty that current systems
face, and we treat them as the reference regime. Supplementary Fig. 1 confirms that
the scores are informative and correctly calibrated.

3.2 Reassembly under constraints recovers whole slips

Table 1 and Fig. 3 give the comparison across preservation. At P4 the constrained
model reaches join F; of 0.678 against 0.356 for bipartite matching, a slip grouping
index of 0.662 against 0.189, and 37.8% of multi fragment slips recovered intact against
4.6%. At P5 bipartite matching collapses to a grouping index of 0.001, which is no
better than chance, while the constrained model holds at 0.454.

Errors also change in kind, and the distinction matters to a conservator. Taking
the top ranked candidate produces joins that fuse two different slips at rates of 44.5%
to 86.3%. Bipartite matching gives 12.9% to 86.8%. The constrained model gives 1.7%
to 29.9%, a fivefold reduction at P4. Fig. 4 shows what these outcomes look like on
individual reconstructions.

3.3 Excavation context is the most valuable evidence

Removing each source of evidence in turn gives a clear ordering (Fig. 5, Table 2).

Excavation context is the most valuable single source. Removing it costs 0.137 of
grouping index at P4 and 0.156 at P3, and it more than triples the rate of joins that
fuse two slips, from 0.104 to 0.368. No other source comes close.

Slip length and slip width follow. Each is worth about 0.02 of grouping index at
P4, and considerably more in error rate. Scribal hand is worth 0.037 of grouping index,
but only when modelled correctly, as the next section shows.

Binding notch position is the weakest source. Even when modelled well it adds
0.006 of grouping index, although it does reduce slip fusing joins by about 15%. Cords
sit at fractions of the slip length, and those lengths are known only within the range
of the corpus, which is 231 to 278 mm, so the admissible band around each cord is
several millimetres wide and the constraint rarely binds.

3.4 Properties of the slip must be modelled as such

Slip length, width and scribal hand could instead be applied to pairs of fragments,
which is the natural thing to do when the evidence arrives as pairwise scores. We
tested both. As pairwise features, notch position added almost nothing and the scribal



hand actively lowered accuracy at P4, where removing it improved the grouping index
from 0.547 to 0.575. Carried as properties of the slip, shared along the reconstructed
chain, the same evidence raises the grouping index by 0.115 at P4, 0.077 at P2 and
0.045 at P3, and the hand term becomes useful rather than harmful.

The difference is consistent across seeds. The latent formulation wins on all five
seeds at P2, P3 and P4, with paired t tests giving p = 0.0004, p = 0.0009 and
p < 0.0001 (Supplementary Fig. 2). Compared over the full range of thresholds, it
delivers the same grouping quality with about half the slip fusing errors (Fig. 6).

3.5 Reassembly of a Shuihudi scale corpus

We ran the whole procedure on a corpus configured to the Shuihudi find, with 1155
slips of the reported dimensions and three binding cords, at preservation state P4. This
produced 3253 fragments and 1364 true joins (Fig. 7). The matcher reached Top-1
accuracy of 0.398.

Bipartite matching returned join F; of 0.286 and a grouping index of 0.082. It
recovered 0.5% of multi fragment slips intact and made 2122 joins that fuse two
different slips. The constrained model returned join Fj of 0.621 and a grouping index
of 0.576. It recovered 33.4% of slips intact and made 380 such joins, a reduction by a
factor of 5.6 in the errors a specialist would have to find and undo. At this size the
solver reaches a feasible but not proven optimal solution within its budget, so these
values are a lower bound on what the model delivers.

3.6 Constraints substitute for matching accuracy

The gain from constraints is not constant. It grows as preservation falls (Fig. 8),
which inverts the natural expectation that a global stage is a refinement to add once
matching is good enough.

The effect can be priced. At P5 the constrained model, working from a Top-1 accu-
racy of 0.237, matches the grouping quality that bipartite matching would require a
Top-1 accuracy of 0.806 to reach (Table 3). The constraints are worth 0.57 of matching
accuracy. At P1 to P4 the question has no answer, because bipartite matching does
not reach the constrained grouping index at any matching accuracy, including that of
a perfect matcher.

The same comparison can be made in units of specialist time. At P5 the constrained
model, with no human review at all, reaches the grouping quality that an oracle
specialist working down a ranked list would reach only after inspecting about 39 000
candidate pairs (Supplementary Fig. 3).

3.7 Robustness, scale and cost

Results hold across corpus size. From 425 to 5060 fragments, bipartite matching falls
from a grouping index of 0.305 to 0.065 and from 13.6% to 0.3% intact slips, while
the constrained model falls from 0.732 to 0.491 and from 43.3% to 28.4% (Fig. 9
and Supplementary Table 3). The gap widens with size, because a larger corpus gives
each fragment more chances to be captured by a plausible impostor, and structural
constraints are what reject impostors that a score alone cannot.
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A Sobol analysis over ten parameters shows that the two tolerances of the method
are the least influential inputs, with total order indices of 0.029 for the notch window
and 0.087 for the width gate (Supplementary Fig. 4). What dominates is the condition
of the corpus, led by the independent staining of the two fracture faces at 0.435. The
results are therefore driven by preservation and not by the tuning of the method.

The optimisation is solved to proven optimality at 429 and 1200 fragments, in 3.2
s and 69.7 s. At 2572 fragments the optimality gap is about 2% when a 240 s budget
expires (Supplementary Fig. 5).

4 Discussion

Of the five sources of evidence tested, the one that matters most is the context a frag-
ment was excavated from, and it is the one that no published reassembly system uses.
Matching networks are trained on images of breaks. Excavation context is recorded as
a matter of routine, costs nothing further to obtain, and in our corpora is worth more
than slip dimensions, notch position and scribal hand combined. It is being discarded
at exactly the step where it is most informative.

This has a direct implication for excavation and conservation practice. Where slips
are lifted in a block and separated in the laboratory, which is the usual treatment
for waterlogged bamboo, the position of each fragment within the block should be
recorded as it is separated and kept in a form that a reassembly system can read. A
coarse grid reference is enough, since the constraint only has to exclude fragments that
cannot have lain together. Where that information already exists in older excavation
archives, it is worth recovering before reassembly is attempted. How much it is worth
will depend on how finely a site is subdivided and how far the fragments of one slip
disperse, and both vary between sites. The general point, that provenance information
is informative at the step where it is currently dropped, is unlikely to be specific to
bamboo slips, since fresco, ceramic, papyrus and oracle bone reassembly systems are
built on the same pairwise foundation [10, 15, 16, 18, 20, 23], and the benchmarks
now being built for them score the assembled object rather than the pair [31].

The second finding is that constraints buy something a better matcher cannot. The
gain from the constrained model grows as preservation falls, and at P5 it is worth 0.57
of Top-1 matching accuracy. At better preservation the exchange has no rate at all,
because bipartite matching never reaches the constrained grouping index even with a
perfect matcher. That ceiling is structural rather than an artefact of extrapolation.
A pairwise matcher can only propose joins whose fracture surfaces still exist, and in
these corpora material is lost at about a third of all breaks. Width, notch position
and hand still place such a fragment in its slip. Better matching and better structural
knowledge are therefore not interchangeable, and past a point the second provides what
the first cannot. For a laboratory choosing where to invest, this argues for recording
the physical and contextual attributes of every fragment before investing further in
image based matching.

The third finding concerns how the evidence is encoded, and it is the part we expect
to transfer furthest. Slip length, width and scribal hand describe a slip. Expressed as
pairwise features, which is the natural move when the evidence arrives as a matrix

10



of pairwise scores, two of the three contributed almost nothing and the third made
results worse. The evidence was not weak, the encoding was. Represented as latent
properties shared along each reconstructed slip, the same three attributes moved the
whole operating curve and halved the rate of the errors that fuse two slips. The general
statement is that a property of the object being rebuilt belongs in the model of that
object, not in the weight of an edge between two of its pieces. Manuscript leaves,
ceramics and wall paintings each have such properties, a leaf size, a vessel profile,
a plaster recipe, and identifying them is the substance of applying this approach
elsewhere.

Three limits are visible in the results themselves. The binding notch constraint
contributes least, because cord positions are fractions of a slip length that is known
only to within the range of the corpus, so the admissible band is several millimetres
wide and the constraint rarely binds. A corpus of uniform slip length, or a joint
estimate of length across slips from one roll, would make it much stronger. At the worst
preservation state the model still recovers only 22.6% of slips intact, because when the
matcher provides almost no signal the constraints can reject impossible configurations
but cannot supply the correct one. Above about 2500 fragments the solver returns
feasible rather than proven optimal solutions within our budget, so the largest corpora
are reported as lower bounds.

The evaluation is entirely simulated. This is deliberate, because a reconstruction
metric needs complete ground truth and a real corpus is exactly where that is missing,
and it follows the practice of the work we build on, which also trains from generated
pairs [4]. A generator nonetheless encodes the assumptions of its author, and ours is
calibrated against a single published accuracy figure. We therefore report all results
as a function of the measured accuracy of the matcher rather than of our own param-
eters, and we randomise preservation during training so that no comparison method
is weakened artificially. A real corpus would still test assumptions that no internal
validation can reach. The constraints also assume a linear object of bounded length
and constant cross section, so the approach transfers to other fragmented material but
these particular constraints do not.

Two steps follow directly. The first is to apply the procedure to the output of a
published matcher on a real corpus, which needs only a compatibility matrix and the
excavation records, and which would test the assumptions of the generator against
material. The second is to record and keep fragment level context in current excava-
tions of slip material, since our results indicate that it is worth more than any other
single source we tested.

Data availability. All corpora used in this study are simulated and are produced
deterministically by the released generator from the seeds recorded in the experiment
scripts, so any corpus can be regenerated exactly. Where the solver is given a wall clock
budget and returns a feasible rather than a proven optimal solution, which is the case
above roughly 2500 fragments and for the Shuihudi scale corpus, the selected solution
depends on the parallel search and repeated runs differ by about one point in the
reported measures. Solutions proven optimal do not vary. The result tables underlying
all figures are available at https://github.com/Yeung8023/bamboo-slip-reassembly.
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Fig. 1 The reassembly procedure. a) Fragments arrive unordered. b) Each fracture end becomes
a two channel descriptor, the silhouette of the break and the texture just inside it. ¢) A two tower
encoder embeds the two ends. d) Inner products give a compatibility matrix that is noisy and self
contradictory. e) Reassembly is a constrained optimisation over the whole corpus. One position vari-
able per fragment fixes order, forbids cycles and bounds length, and slip length, width and hand are
carried as properties of the slip. f) The output is a set of ordered chains. All content shown is real.
The fragments come from the generator, the compatibility block is the output of the trained matcher,
and the assembled slips are the solver solution on that corpus. In panel f slip width is exaggerated,
since at true proportions a 23 cm slip of 6 mm width renders as a hairline, while proportions within
each slip are exact.
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Fig. 2 The simulated corpora and the matcher. a) One slip after fracture and burial damage.
Material lost at a break means that adjacent fragments of one slip need not physically join. b) The
silhouette of a true join against the closest impostor in the same corpus. The blue solid line is the
lower break of fragment A, the orange dashed line is the upper break of fragment B, which is the true
join, and the grey dotted line is the best impostor. ¢) Top-k matching accuracy along the preservation
ladder on 5131 fragments. The pink dashed line is the accuracy reported for WisePanda among more
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What success and failure look like
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Fig. 4 What success and failure look like. Each column is one reconstructed chain from a
corpus at preservation state P4, with the true slip identifier of every fragment shown at its right,
and a coloured bar at its left giving the outcome. A correct chain carries one identifier throughout.
The three columns marked in dark blue are recovered exactly. The two marked in amber keep one
identifier but have the order or the gap wrong, which is a mild error. The two marked in red mix two
identifiers, which is the damaging error.
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Fig. 5 What each source of evidence is worth, measured by removing it. Preservation state
P4, five seeds, error bars are standard deviations. The upper group in orange carries slip properties as
properties of the slip, the lower group in blue carries them as pairwise features. Excavation context,
shown as stratigraphy, is the most valuable single source. Scribal hand helps only in the upper group,
and in the lower group removing it improves the result. a) Join Fj. b) Slip partition index. ¢) Fraction
of slips recovered exactly. d) Rate of joins that fuse two slips, where lower is better.
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Fig. 6 Carrying slip properties as properties of the slip moves the whole operating
curve. Each point is one value of the join threshold, and up and to the left is better. Panels a), b)
and c) are preservation states P2, P3 and P4. At equal partition quality the latent formulation makes
about half as many joins that fuse two slips.
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Fig. 7 Reassembly of a corpus scaled to the Shuihudi Qin find. The corpus has 1155 slips
of 23.1 to 27.8 cm with three binding cords, at preservation state P4, giving 3253 fragments and
1364 true joins. a) Reconstruction quality. b) Distribution of reconstructed chain lengths against the
truth. ¢) Summary of the case.
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Fig. 8 Constraints substitute for matching accuracy. The results of Fig. 3 plotted against the
measured Top-1 accuracy of the matcher, so that they can be read against any published matcher
rather than against the parameters of our generator. a) Slip partition index. b) Fraction of multi
fragment slips recovered exactly. The gap between the constrained model and bipartite matching
widens as matching accuracy falls. Error bars are standard deviations over five seeds.
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921

Table 1 Reconstruction quality across the preservation ladder. Corpora of 1,151

fragments; mean over five seeds (standard deviation in parentheses). Bipartite matching is the 922

model under the uniqueness constraint alone. Expert review is an oracle specialist working down a 923

ranked list. Cross-slip rate is the fraction of accepted joins that link fragments of two different slips. 924

State Method Join F; Slip ARI Exact slips Cross-slip 332

P1  Top-1 candidate 0.558 (0.010) 0.258 (0.049) o0.127 (0.013) 0.445 (0.012 027

Mutual best match 0.701 50 .012) o0.547 0.018; 0.237 (0.018) o0.216 (0.009 998
Bipartite matching 0.738 (0.011) o0.652 (0.017) 0.388 (0.016) o0.129 (0.014

+ morphometry & context 0.787 (0.017) 0.783 (0.016) o0.482 (0.039) o0.054 (0.011 929

+ slip length 0.807 (0.017) 0.832 (0.013) o0.547 (0.039) o0.016 (0.003 930

Pairwise-constraint assembly 0.808 50 .017) o.865 0.017; 0.536 (0.049) o0.016 (0.004 931

Latent-slip assembly (ours) 0.807 (0.017) 0.885 (0.016) o0.521 (0.053) o0.017 (0.003 932

Expert review, top-10 0.993 20 .002) o0.661 0.035; 0.977 (0.005) 0.000 (0.000 933

Expert review, top-50 0.999 (0.002) o0.668 (0.034) 0.995 (0.006) o0.000 (0.000 934

P2  Top-1 candidate 0.533 50 .011) o0.230 0.040; 0.131 (0.011) o.481 (0.019 935
Mutual best match 0.677 (0.012) o0.516 (0.020) 0.233 (0.018) o0.250 (0.013

Bipartite matching 0.671 (0.010) o0.507 (0.014) o0.207 (0.026) o0.261 (0.013 936

+ morphometry & context 0.783 20 013 0.745 00103 0.484 (0.037 0.042 (0.004 937

+ slip length 0.792 20 .013) o.768 0.010; 0.520 (0.032) 0.019 (0.004 938

Pairwise-constraint assembly 0.787 0.014 0.743 (0.015 0.515 (0.031 0.006 (0.002 939

Latent-slip assembly (ours) 0.806 20 .017) o.820 0017; 0.531 (0.045) o0.007 (0.002 940
Expert review, top-10 0.992 (0.003) o0.660 (0.032) 0.976 (0.011) o0.000 (0.000

Expert review, top-50 0.999 (0.001) o.671 (0.035) 0.998 (0.002) o0.000 (0.000 941

P3  Top-1 candidate 0.454 (0.007) o0.176 (0.029) 0.093 (0.015) o0.567 (0.011 gig
Mutual best match 0.592 (0.013) o0.426 (0.018) 0.184 (0.020) 0.334 (0.009

Bipartite matching 0.591 g() 011) o.429 0.009; 0.217 (0.016) o0.319 (0.010 944

+ morphometry & context  0.718 gO .017) o0.639 0.029; 0.323 (0.043) o0.157 (0.010 945

+ slip length 0.750 (0.017) o0.750 (0.020) 0.453 (0.040) 0.081 (0.009 946

Pairwise-constraint assembly 0.770 20 .015 0.787 0011; 0.485 (0.031 0.051 (0.005 947
Latent-slip assembly (ours) 0.785 (0.015) 0.832 (0.015) 0.494 (0.044) o0.041 (0.004

Expert review, top-10 0.973 (0.005) 0.633 (0.032) 0.919 (0.015) o0.000 (0.000 948

Expert review, top-50 0.995 go 004) 0.666 0.033; 0.985 (0.012) 0.000 (0.000 949

P4  Top-1 candidate 0.298 (0.008) 0.112 (0.012) o0.051 (0.006) o.718 (0.011 950

Mutual best match 0.385 g() 019) o.252 0.017; 0.113 (0.015) o0.533 (0.022 951

Bipartite matching 0.356 gO .011) o.189 0.007; 0.046 (0.008) o0.622 (0.013 952

+ morphometry & context 0.599 (0.019 0.471 (0.021 0.199 (0.032 0.289 (0.015 953

+ slip length 0.629 50 .026) 0.563 0.025; 0.320 (0.038) 0.205 (0.018 954

Pairwise-constraint assembly 0.636 0.021 0.547 (0.028 0.348 (0.025 0.104 (0.019 955
Latent-slip assembly (ours) 0.678 (0.022) o0.662 (0.024) o0.378 (0.059) o.117 (0.014

Expert review, top-10 0.892 g() 013) o0.539 (0. 0253 0.721 (0.025) o0.000 (0.000 956

Expert review, top-50 0.967 (0.004) o0.629 (0.032) o0.901 (0.015) o0.000 (0.000 957

P5  Top-1 candidate 0.141 (0.013) o0.050 (0.006) o0.016 (0.008) o0.863 (0.008 958

Mutual best match 0.162 (0.018) 0.100 (0.010) 0.034 (0.016) o0.784 (0.019 959

Bipartite matching 0.136 (0.008) 0.001 (0.001) o0.001 (0.002) o0.868 (0.005 960

+ morphometry & context  0.381 (0.015) 0.246 (0.017) 0.044 (0.006) o0.549 (0.014 961

+ slip length 0.392 (0.015) 0.348 (0.012) 0.127 (0.016) o0.495 (0.011 962
Pairwise-constraint assembly 0.469 (0.022) 0.484 (0.019) 0.183 (0.033) 0.347 (0.021

Latent-slip assembly (ours)  0.477 50 028) o0.454 0.0143 0.226 (0.036) 0.290 (0.024) 963

Expert review, top-10 0.693 gO .014) o0.354 0.018; 0.403 (0.016) 0.000 (0.000 964

Expert review, top-50 0.877 (0.008) o0.522 (0.029) 0.691 (0.008) o0.000 (0.000 965

966
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967

968
969
970
971
972 Table 2 Leave-one-out over the constraint set at P4. Each row removes one
973 constraint from the formulation named above it.
974
975 Formulation Join Iy  Slip ARI  Exact slips  Cross-slip
g;g Latent-slip (proposed) 0.679 0.663 0.378 0.115
— binding notches 0.663 0.657 0.359 0.135
978 — scribal hand 0.652 0.626 0.345 0.203
979 Pairwise constraints 0.636 0.547 0.348 0.104
980 — slip length 0.617 0.525 0.298 0.154
981 — binding notches 0.630 0.543 0.338 0.114
982 — morphometry 0.612 0.524 0.335 0.165
983 — stratigraphy 0.508 0.410 0.225 0.368
984 — scribal hand 0.640 0.575 0.334 0.189
985
986
987
988
989
990
991
992
993
994
995
996
997 Table 3 What the constraint set is worth, in units of
matcher accuracy. For each state, the Top-1 accuracy that
998 bipartite matching would require in order to reach the slip partition
999 the proposed model attains at the accuracy it actually had.
1000
1001 State Matcher Top-1 Proposed ARI  Equivalent Top-1
1002 P5 0.237 0.454  0.806 (+0.569)
1003 P4 0.502 0.662 unreachable
1004 P3 0.764 0.832 unreachable
1005 P2 0.896 0.820 unreachable
1006 P1 0.930 0.885 unreachable
1007
1008
1009
1010
1011
1012
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