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Abstract

How do LLMs learn in-context? Is it by pattern-
matching recent tokens, or by inferring latent
structure? We probe this question using a
toy graph random-walk across two competing
graph structures. We present behavioral, rep-
resentational, and causal evidence that neither
account alone is sufficient. First, a complexity-
weighted sigmoid model captures topology-
dependent evidence accumulation, and PCA
shows that both graph topologies are visually
recoverable at intermediate mixture ratios. Sec-
ond, residual-stream activation patching and
graph-difference steering causally intervene on
this graph-family signal: late-layer patching
almost fully transfers the clean graph prefer-
ence, while linear steering moves predictions
in the intended direction and fails under norm-
matched and label-shuffled controls. An ex-
plicit transition-cache baseline reproduces the
fitted asymmetry and held-out-edge transfer,
however, so these results do not by themselves
distinguish global inference from local copy-
ing. Taken together, our findings are consistent
with a dual-mechanism account in which struc-
ture inference and induction circuits operate in
parallel, but do not uniquely identify it.

1 Introduction & Related Works

Since the advent of LLMs, in-context learning
(ICL) has remained an area of research that remains
poorly understood. Over the past five years, nu-
merous investigations into ICL have yielded inter-
esting results: alignment (Anwar et al., 2024; Lin
etal., 2023), jailbreaking (Polyakov and Kuznetsov,
2026), and demonstration selection (Qin et al.,
2024) are just a few areas that have prioritized it as
a subfield of study (Dong et al., 2024).

Within the subfield of mechanistic interpretabil-
ity (MechlInterp), there is yet to be a concrete con-
sensus on this topic. Originally posed as a debate
between inference over latent structure or shallow

* Equal contribution.

pattern-matching circuits by Olsson et al. (2022),
ICL has seen numerous recent works in Mechln-
terp from theoretical accounts framing ICL as im-
plicit Bayesian inference over latent concepts (Xie
et al., 2022), to mechanistic studies of induction
head formation and diversity (Singh et al., 2024),
to causal evidence that ICL decomposes into sepa-
rable task schema and input-output binding mecha-
nisms (Kim, 2025).

Recent work from Park et al. (2025) provided
striking evidence for the former: given random-
walk traces on an unknown graph as a toy task,
Llama-3.1-8B exhibits a sharp phase transition
in neighbor-prediction accuracy. This transition
results in simultaneously reorganizing its residual-
stream geometry to mirror the graph’s adjacency
structure. If the phase transition reflects latent-
structure inference, then LLMs maintain implicit
probabilistic world models that can be probed
mechanistically. If it reflects induction circuits,
the same behavioral signature requires only local
copying heads and carries no implications about
global representations.

Contributions. Our contributions are a first
step to triangulate the answer to this ongoing de-
bate. (1) We replace the flat log-prior of Bigelow
et al. (2025) with a complexity-weighted structure-
specific prior, report its fitted parameters and
model-selection scores, and test the same fit on
a transition-cache baseline. (2) We expose Llama-
3.1-8B to interleaved walks from two competing
graphs and show topology-biased evidence accu-
mulation. (3) PCA of residual-stream activations
reveals that both graph topologies are visually re-
coverable at intermediate mixture ratios; principal-
angle comparisons quantify alignment with the
pure-graph references, while a twelve-point energy
curve shows that the aggregate geometric trend is
weak. (4) Activation patching and steering causally
link this representational structure to next-token
predictions; a matched cache intervention clarifies
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that held-out-edge transfer alone does not rule out
local copying.

Ultimately, our conclusion is that the question
of whether LLMs believe or copy may be a false
dichotomy, and the architecture of that coexistence
is what mechanistic interpretability must now ex-
plain.

2 Background

Recently published works in ICL have taken two
simultaneous approaches to investigating this prob-
lem. Park et al. (2025) used a toy task of random
walks over a sixteen word grid where nodes are
non-semantically related words and edges are con-
nections between word pairs adjacent in the grid.
That paper showed that Llama-3.1-8B undergoes
a sharp phase transition in neighbor-hit accuracy
as context length grows, and that layer-level PCA
of node-token representations progressively recov-
ers the true graph topology. This was interpreted
as evidence for an implicit Bayesian world model
over graph structure. Following the publication
of Park et al. (2025), two blog posts entered the
debate. Arditi (2026) identified specific attention
heads in Llama-3.1-8B that implement induction,
arguing that the phase transition in graph ICL is
fully explained by these heads accumulating local
transition statistics, with no need to posit global
structure inference. Ransome (2026) replicated
these findings and extended the analysis to addi-
tional graph topologies. We note that this second
post appeared concurrently with our own work; we
refer readers to both for complementary perspec-
tives on the mechanistic debate.

Alongside the ongoing debate around work by
Park et al. (2025), there was a theoretical Bayesian
dynamics approach to ICL published by Bigelow
et al. (2025). These authors fit a sigmoid-shaped
parametric function over log-odds evidence accu-
mulation to LLM accuracy curves, treating the
model as maintaining a latent binary belief over
two hypotheses about the data source. They found
evidence for a dual-mechanism account in which
both Bayesian updating and induction circuits con-
tribute.

2.1 An Operational Test: Locality Versus
Generalization

A recurring objection to this line of work is that the
two accounts can seem indistinguishable in princi-
ple: a graph is nothing more than its set of edges,

so any mechanism that tracks transition statistics is,
in some sense, tracking graph structure. We adopt
locality as a concrete way to probe the distinction.
Without an intervention, a transition cache can only
reproduce statistics for transitions observed in the
visible context, whereas a mechanism that has in-
ferred global topology may generalize to unseen
edges. This criterion motivates three diagnostics
in our setting: complexity sensitivity in the fitted
prior term (Equation 4), separable representations
under graph mixtures, and causal effects on held-
out edges. None is decisive under the present proto-
col. In particular, the clean donor context used for
activation patching may contain transitions absent
from the corrupt context, allowing a local state-
transfer intervention to import them. We therefore
treat the three diagnostics as complementary and
run matched transition-cache controls for the be-
havioral fit and held-out-edge intervention in Sec-
tions 4.2 and 6.4.

Concretely, our transition-cache baseline is a
simple non-parametric model with no learned pa-
rameters and no access to model internals. For a
given random-walk sequence, it maintains a table
of observed (source node, next node) transition
counts, updated online as the walk unfolds; predic-
tions are formed by normalizing the outgoing count
row for the current node, with Laplace smoothing
a = 0.1 added to every possible edge to avoid
zero probabilities for unseen transitions. When
we “patch” the cache (Section 6.4), we replace its
corrupt-context count row for the final token with
the clean-context count row, mirroring the residual-
stream activation patch at the representation level.
The cache is intentionally incapable of represent-
ing anything beyond locally observed transitions,
so any behavior it reproduces is by construction
explainable without appeal to global structure in-
ference.

3 Behavioral Model

The central question is whether the LLM’s behav-
ior during ICL looks more like a Bayesian reasoner
accumulating evidence about latent structure, or a
pattern-matcher copying recent tokens. To probe
this, we fit a belief-dynamics model to observed
accuracy curves and ask: do the recovered parame-
ters tell a story consistent with genuine structural
inference?

We emphasize that this section is a purely be-
havioral, curve-fitting exercise: fitting a sigmoid
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to accuracy-vs-context curves does not by itself es-
tablish that the LLM maintains an explicit internal
probability distribution over hypotheses. We use
terms like “belief” and “skepticism” as shorthand
for the fitted log-odds parameters, not as claims
about internal representations; that mechanistic
question is instead addressed directly by the rep-
resentational and causal experiments in Sections 5
and 6.1.

3.1 Single-Hypothesis Baseline

We first derive a single-hypothesis baseline that mo-
tivates the general K -hypothesis framework below.
Let S € {0, 1} be a latent binary variable labeling
which accuracy regime is observed: S = 1 denotes
the high-accuracy regime in which behavior tracks
the in-context graph structure; S = 0 denotes the
regime consistent with reliance on pretrained asso-
ciations. The log-prior over S'is b € R, with b < 0
encoding initial skepticism toward the arbitrary in-
context graph. As the LLM observes more walk
steps, evidence accumulates sub-linearly:

o N (1

where v > 0 controls evidence strength per token
and « € (0, 1) captures diminishing returns from
correlated walk steps: as a — 1, successive tokens
contribute vanishingly little additional log-odds,
so evidence effectively saturates after a modest
number of steps rather than accumulating linearly
forever; as « — 0, the model recovers ordinary
linear (fully additive) evidence accumulation in
N. Combining prior and likelihood via Bayes’ rule
gives the predicted neighbor-hit accuracy at context
length N:

PN)=po+ (g —po)o(b+yN'"%) (@

where pg is the pre-transition neighbor-hit rate
(estimated empirically from N < 100 tokens),
q € (po, 1] is the graph-mode success rate, and o is
the sigmoid. The phase transition inflection point
is N* = (=b/~)"/(1=) corresponding to the con-
text length at which the fitted log-odds cross zero,
i.e., where the accuracy curve transitions from the
low regime toward the high regime.

Parameters @ = (b,v,«,q) are fit by mini-
mizing MSE between p(/N) and observed accu-
racy curves, equivalent to MLE under an addi-
tive Gaussian noise model on observed accuracies.
We use L-BFGS-B with 16 random restarts and

box constraints b € [-30,30], v € [107%,50],
a € [0,0.99], ¢ € (po,1]. The bounds enforce
domain constraints directly; the lowest-loss restart
is kept and validation and test MSE are reported
afterward.

3.2 General Framework

Equations 1 and 2 define the single-hypothesis
baseline. We extend it to an LLM presented with
a context generated by one of K competing hy-
potheses H = {H1, ..., Hk } about the latent data-
generating structure. We fit, for each hypothesis
Hj,, a sigmoid curve to the model’s per-hypothesis
accuracy as a function of context length, as if evi-
dence for Hj, were accumulating in log-odds form;
this is a descriptive parameterization of the behav-
ior, not an assumption about how the LLM inter-
nally represents the hypotheses. The curve’s log-
odds offset is governed by a term b, € R, with
b < 0 encoding an initial bias against Hy. Evi-
dence in favor of Hy, accumulates sub-linearly with
context length N, giving a predicted accuracy at
context length NV:

~

Pr(N) = po + (ak — pog) o (b + 1N ~)
3)
where py 1, is the pre-transition accuracy under Hy,
gy, 1s the post-transition accuracy, v > 0 controls
evidence strength, and «, € (0, 1) captures dimin-
ishing returns from correlated observations. The
inflection point N} = (—bg/v)/(*=2) marks
the context length at which the fitted curve for Hy,
crosses from the low- to high-accuracy regime.

A key question is what determines by, the LLM’s
initial bias toward or against each hypothesis. We
propose that by, is governed by the complexity of
Hj: a more complex hypothesis requires more ev-
idence to overcome the prior. Concretely, we pa-
rameterize

by =bo — A - C(Hy), 4)

where by is a shared baseline log-odds, A > 0
is a learned penalty weight, and C'(Hy) is an
MDL-inspired complexity measure of hypothesis
Hj.. A positive )\ is consistent with a complexity
penalty, but it is not mechanism-specific: topology-
dependent learning rates can induce the same fitted
coefficient, as our transition-cache control shows
below.

We note explicitly that the presence of the ex-
ponent oy, in Equation 3 means this model is not
a pure additive log-odds (Bayesian) accumulator
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in the strict sense: a genuinely additive account
would have evidence scale linearly in N (ay = 0),
and any o > 0 introduces a sub-additive, saturat-
ing correction on top of the log-odds framing. Our
fitted &y, values are close to 1 in both vocabulary
conditions (Table 1), meaning evidence accumu-
lates very non-additively: successive walk steps
contribute rapidly diminishing log-odds, and the
curve’s shape past the transition is governed almost
entirely by g and the transition location rather
than by continued additive accumulation. Practi-
cally, this means the “prior strength” A we estimate
in Equation 4 should be read as a descriptive sum-
mary of how quickly each hypothesis’s saturating
curve is offset from the other, not as a coefficient
in a normative Bayesian updating rule. We view
this as a limitation of treating the fit as evidence for
genuine Bayesian inference, and flag o, — 1 as an
important caveat for interpreting \ as a complexity-
sensitive prior.

3.3 Instantiation: Competing Graph
Structures

We instantiate this framework using the graph
random-walk task of Park et al. (2025). The LLM
is presented with token sequences generated by ran-
dom walks over an unknown graph G, and must
predict the next node, a valid neighbor of the cur-
rent node. The two competing hypotheses are Hyig
and Hijg: a 4x4 grid (16 nodes, 24 edges, degree
2-4) and a 16-node ring (16 edges, uniform degree
2), each with nodes assigned distinct single-token
English nouns. The observable accuracy py(N)
is the neighbor-hit probability, the probability that
the model’s next-token prediction is a valid graph
neighbor of the current node under hypothesis Hy.

We run two vocabulary conditions. In the dis-
Jjoint condition, the grid and ring draw their node
labels from two non-overlapping sets of 16 nouns
each, so no token is ever a node in both graphs. In
the neutral (closed-vocabulary) condition used for
the mixture-geometry analysis in Section 5, both
graphs are defined over the same shared 16-token
vocabulary, with edges differing between the two
topologies; this isolates topology-driven represen-
tational change from vocabulary-driven change, at
the cost of making the two graphs’ node identities
indistinguishable from token identity alone.

The MDL complexity of each graph hypothe-
sis is naturally given by the length of its edge-list

encoding:
C(G) = |E(G)| - [logy [V[] bits, — (5)

Equation 5 yields C(grid) = 96 bits and
C(ring) = 64 bits. The grid costs more to de-
scribe because it has more edges. If A > 0 with
I;grid < Bring, the LLM requires disproportionately
more context to commit to the denser topology. Un-
der the complexity-prior interpretation this should
yield A > 0; the cache baseline tests whether lo-
cal transition learning can produce the same result
without an explicit MDL prior.

To create a genuine competition between hy-
potheses, we interleave walks from both graphs at
a controlled mixture ratio p € [0, 1], where p is
the probability that any given 100-token segment
is drawn from the ring walk. The effective con-
text length for graph k is p - N (a mean-field ap-
proximation that holds in expectation across walk
realizations) giving

Pe(ps N) = pok + (a4 — Po k)
co(br, + Ve (prN)' 7).

We compare a per-graph parameterization (8 free
parameters: by, A, vk, @k, g per graph) against a
mixture-bias ablation (5 parameters) that shares a
single sigmoid but linearly interpolates the prior:
b(p) = (1 — p)berid + p bring. The mixture-bias ver-
sion can capture prior asymmetry but not topology-
specific evidence rates, making it a direct test of
whether per-graph dynamics are needed beyond the
prior alone. Model selection uses AIC and BIC,
detailed in Section 3.4. We use Llama-3.1-8B (non-
instruct) loaded via TransformerLens (Nanda and
Bloom, 2022), with layer-26 residual-stream activa-
tions for representational analyses following Park
et al. (2025).

(6)

3.4 Estimation Details

The joint objective minimizes MSE over all
(p, k, N) triples:

p,k NeC @)
[Br,obs (0, N) — Pre(p, N; )]

We use L-BFGS-B with 24 random restarts and
box constraints by € [—15,15], A € [-2,2],
Y € [107%,50], ax € [0,0.99], g € (pox,1].
Note that A bounds include negative values; A<0
would mean the LLM prefers more complex graphs,
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which would falsify the complexity-prior hypothe-
sis.

Model selection between the per-graph (8 pa-
rameters) and mixture-bias (5 parameters) ver-
sions uses the AIC and BIC definitions in Equa-
tions 8 and 9 under the Gaussian residual assump-
tion:

AIC = n - (log(27 - MSE) + 1) + 2k, (8)
BIC =n - (log(27 - MSE) + 1) + klogn (9)

where n is the number of training observations
and k is the number of free parameters. The
pre-transition accuracy py j, is estimated per graph
by averaging neighbor-hit accuracy over training
walks at N < 100 tokens, then pooled to a sin-
gle po,gria and po ring per vocabulary condition for
identifiability.

We note one limitation of the overlap fit:
the optimizer saturated the lower bound of the bg
search range (l;o = —15.00), indicating it wanted
a more negative value than allowed. As a conse-
quence, j\overlap and the implied I;grid — Bring gap may
be biased toward zero in this condition; widening
the bounds or reparameterizing by is a straightfor-
ward follow-up.

4 Experiment 1

4.1 Which Sigmoid Fits Best?

For each (condition, p) cell, we fit both the base-
line and our model with the complexity-weighted
prior to the training walks and evaluate on held-out
sequences.

4.2 Behavioral Sigmoid Fits

The grid’s inflection point N* shifts monotoni-
cally later as ring evidence increases, the graph-
level competition effect captured by the per-graph
model. Table 1 reports all parameters fitted with
Equations 3-6 under the objective in Equation 7.
The recovered penalty is positive in both vocab-
ulary conditions and implies Egrid < Ering. The
per-graph parameterization improves AIC by 92.9
(overlap) and 91.1 (disjoint), and BIC by 77.3
and 75.5, respectively, over the mixture-bias ab-
lation. Figure 1 shows representative observed
curves and both fitted models. These are descrip-
tive comparisons: a positive fitted ) is evidence of
asymmetric dynamics, but is not by itself a mech-
anistic identification of a Bayesian prior (see the
discussion of &, — 1 above, which further com-
plicates a literal Bayesian reading of \). Indeed,

a directed transition cache with Laplace smooth-
ing 0.1 (defined in Section 2.1), run under the
same disjoint-vocabulary generation protocol, re-
covers A = 0.530 (versus the LLM’s 0.542) and
also prefers the per-graph model (AAIC = —81.1,
ABIC = —65.4). Unequal topology-dependent
learning rates are therefore sufficient to induce the
fitted penalty even without an explicit complexity
prior.

S Experiment 2

5.1 Does the Residual Stream Encode Latent
Graph Structure?

To test whether the behavioral signatures reflect
genuine changes in internal representations, we
probe activations directly, following the representa-
tional analysis of Park et al. (2025). For each node
v, We average activations over all positions where
wy = v at context length T, yielding a class-mean
matrix. Projecting these class-mean vectors into
PCA space lets us ask whether the low-dimensional
geometry recovers the true graph topology, and,
critically, whether both graph topologies are simul-
taneously recoverable at intermediate p.

To quantify structural alignment we report
degree-normalized Dirichlet energy under the true
graph Laplacian L = D — A, where A is the adja-
cency matrix and D is the diagonal degree matrix.
We define Hy € RIVI%d a5 the matrix of class-
mean activations with rows ., (7") for each node
v present in a trailing context window at length 7',
and Hy is the degree-weighted mean.

E(T) = Tr(H, LHy)

1
=33 Agllua(m) -y 0
1,J

We normalize Equation 10 by total degree-
weighted variation:

B Tr(H, LHy)
TI'((HT — HT)TD(HT — HT))
(11)
Lower &,orm in Equation 11 means adjacent nodes
are closer together in activation space. It measures
alignment with graph adjacency, but does not on
its own distinguish a latent graph representation
from geometry induced by transition co-occurrence.
We therefore use it as a descriptive complement to
the causal interventions rather than a mechanism-
specific statistic.

gnorm (T)
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Table 1: Joint per-graph sigmoid parameters and model-selection scores, including the transition-cache control.
AIC/BIC entries give per-graph (PG) and mixture-bias (MB) values; lower is better. The overlap estimate of by

reaches its lower search bound.

Condition bo A Yg ag qq Yr . qr AIC PG AIC MB BIC PG/ MB
Overlap —15.000 0.461 50.000 0.965 0.928 35.289 0.952 0.933 —1889.0 —1796.1 —1847.4/ — 1770.1
Disjoint —6.844  0.542  50.000 0.966 0.935 33.124 0.953 0.930 —1709.8 —1618.7 —1668.1/ — 1592.6
Cache (disjoint) —7.177  0.530  50.000 0.969 0.951 33.201 0.958 0.954 —2102.4 —2021.3 —2060.7/ — 1995.3

o 4 [y
o @ o

Neighbor probability
o
IS

Context length Context length

= grid per-graph fit == ring per-graph fit

Neutral-disjoint energy

T T T T
102 103 10? 10°
Context length Context length

== mixture-bias fit

Figure 1: Saved-result diagnostics. Left: representative neutral-disjoint accuracy curves (points show mean =+
SEM over walks), the per-graph fit (colored solid lines), and the shared mixture-bias ablation (gray dashed). Right:
normalized Dirichlet energy at twelve context lengths (mean £+ SD over eight walks).

5.2 Residual-Stream Geometry Results

The behavioral results suggest the LLM maintains
a complexity-sensitive structural bias. But do those
behavioral signatures have a correlate inside the
model? Near N* (1" = 200), the PC1/PC2 plane
shows only partial ring structure; by 7' = 1400 the
ring topology is visually recoverable in the low-
dimensional geometry. The right panel of Figure 1
shows that the cached eight-walk analysis provides
twelve energy measurements, not only two end-
points. The series is noisy but modestly decreasing
overall: 0.903 &+ 0.062 at T' = 200, 0.885 = 0.090
at T = 800, and 0.828 £ 0.076 at 7" = 1400
(mean £ SD across walks). Six of eight per-walk
slopes against log T" are negative; the mean slope
is —0.014 £ 0.005 (mean + SE). This supports, at
most, a weak downward trend and does not justify
treating energy as decisive evidence.

The competing-structures regime provides a
complementary visualization. Figure 2 shows class-
mean PCA at T" = 1400 across the full p-ladder in
a secondary closed-vocabulary experiment where
grid and ring share the same 16-token vocabulary
(Section 3.4’s neutral condition). At p = 0.5, both
graphs’ edge sets are partially, but not fully, recov-
erable when overlaid on different PC projections:
as the quantitative principal-angle analysis below
shows, the pooled mixture subspace at p = 0.5 sits
at an intermediate distance from both pure refer-
ences rather than cleanly matching either one, so
this panel should be read as evidence of partial, not

full, joint recoverability.

We quantify this geometry by rerunning layer
26 for 16 seeds per cell and using the pure p = 0
grid and p = 1 ring subspaces as references. For
each mixture, we form the paper-aligned class-
mean matrix over positions [1350, 1400), extract
its top £ € {2,3,4} PCs, and compute princi-
pal angles 6; = arccoso;(U,U, ;). Table 2 re-
ports the mean of the four angles. In the con-
trolled closed-vocabulary condition, alignment
shifts smoothly from grid to ring: the grid/ring
means are 31.6°/46.7° at p = .2, 41.6°/44.8° at
p =.5,and 52.5°/24.8° at p = .8. At p = .5, the
individual angles are (15.3,25.5,36.0,89.7)° to
grid and (20.4,26.7,44.3,87.9)° to ring; bootstrap
95% intervals for their means are [39.1,46.0]°
and [43.0,47.7]°. Both mean angles at p = 0.5
(roughly 42-45°) sit well short of the 0° that would
indicate full recovery of either pure reference and
well short of the 59-60° orthogonal-looking an-
gle observed at the opposite pure endpoint, so we
describe the grid at p = 0.5 as partially recover-
able rather than as fully recovered. A full-prefix
sensitivity analysis gives the same pattern. Thus
the quantitative result supports partial alignment
with both pure references, not two mutually or-
thogonal subspaces. The neutral-disjoint values are
higher but confounded by the distinct token vocab-
ularies, so we do not interpret them as structural
orthogonality. A transition cache can also induce
graph-aligned geometry; we therefore treat these
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Llama 3.1 8B — class-mean PCA at T=1400 - selected mixing ratios

Top: grid edges -

Bottom: ring edges -

PC pairs: 1/2 (layer 26, Nw=50)
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Figure 2: Class-mean PCA at T" = 1400 across mixture ratios p. The top row

bottom row overlays ring edges in red.

Table 2: Mean top-4 principal angle (degrees) from each
pooled mixture subspace to the pure grid/ring references.
Lower values indicate closer subspace alignment. End-
point self-comparisons are zero by definition.

Closed vocab. G/R  Neutral-disjoint G/R

0.0 0.0/59.1 0.0/78.9
02 31.6/46.7 54.3/55.8
04 40.9/46.5 58.7/51.1
0.5 41.6/44.8 57.6/49.5
0.8 52.5/24.8 69.2/47.6
1.0 59.1/0.0 78.9/0.0

results as evidence of recoverable topology, not as
evidence that rules out induction.

6 Experiment 3

6.1 Does Graph-Family Information Causally
Control Next-Token Predictions?

The behavioral and PCA analyses are correlational:
they show that outputs and representations are con-
sistent with latent structure inference, but not that
the relevant residual-stream information is used by
the final prediction. We therefore run two causal in-
terventions, following the activation-patching and
activation-steering logic used in mechanistic inter-
pretability and representation engineering (Meng

et al., 2022; Turner et al., 2023; Zou et al., 2023).

For clean graph G, corrupt graph G, and final
token z¢, we score each logit vector with a graph-
family contrast

_ 1

Ne. ()]
1

Na, (z4)]

A(wy)

Zw

weNg, (xt)

Zw
weNg,. (zt)

overlays grid edges in blue; the

where N¢(z;) denotes the set of valid next-node
neighbors of z; under graph G, and z,, is the next-
token logit for word w. We generate matched
clean/corrupt prompt pairs from the grid and ring
that end at the same current node (both drawn
from the disjoint-vocabulary condition, so grid
and ring node tokens never overlap). For activa-
tion patching, we cache clean residual activations
and rerun the corrupt prompt while replacing the
final-position hook_resid_post activation af-
ter block £. The normalized patch effect is

o Apatch (6) —
Aclean —

ACorrup‘c

Epatch (E) (13)

ACorrupt

Thus 0 means no movement from the corrupt graph
preference, and 1 means the patched corrupt run
recovers the clean run’s graph preference.

For steering, we compute a layer-wise graph-
difference vector on disjoint training contexts,

vg = Elhy(z¢) | G = grid]

14
— E[h¢(z) | G, = ring) (14

and add aw, to final-position residual activations in
held-out ring contexts. We compare the real vector
to two controls: a Gaussian random vector matched
to the real vector’s norm and a shuffled-label vec-
tor computed after permuting graph labels in the
steering-vector training set. Full protocol details,
including the seen/held-out edge split used to test
transition-cache explanations, are given below.

6.2 Prompt Pair Construction and Metrics

Clean and corrupt prompts are generated from dif-
ferent graph families but end at the same current

483



node. Because the graph hypotheses are undirected,
we sample a random walk ending at the desired fi-
nal node by generating a valid walk from that node
and reversing it. The reversed walk has the same
graph support, and the model is always evaluated at
the final position, predicting the next graph word.

The primary score is the graph-family logit con-
trast in Equation 12. For patching, normalized
effect is defined by Equation 13. For steering, nor-
malized effect is computed analogously, replacing
Apatcn With the steered metric and using the tar-
get and source prompt metrics as endpoints. Rows
with small denominators are marked unusable in
the raw JSONL; none were excluded in the reported
patching runs.

6.3 Seen and Held-Out Edge Split

Following the locality diagnostic in Section 2.1,
for each final token we split graph neighbors ac-
cording to whether the edge incident to the final
token was observed in the evaluation context. The
“seen” set contains true graph neighbors of the final
token whose edge appeared in either direction. The
“held-out” set contains true graph neighbors whose
edge did not appear. For clean/corrupt patching,
this split is computed using the corrupt context, so
the diagnostic asks whether a clean activation inter-
vention helps graph-neighbor logits that the corrupt
prompt did not locally observe.

6.4 Causal Activation Intervention Results

Using the clean/corrupt prompt-pair protocol from
Section 6.1, we intervene on final-position residual-
stream activations and score the resulting next-
token distribution with the graph-family logit con-
trast in Eq. 12.

At context length 7" = 1400, final-token resid-
ual patching rises rapidly across the selected layer
sweep, establishing that late residual-stream states
causally control the graph-neighbor logit contrast
rather than merely encoding decodable graph infor-
mation. The held-out diagnostic is delayed relative
to the seen-edge effect, crosses zero by layer 26,
and reaches 2.0 at layer 30. Thus patched activa-
tions boost graph-consistent predictions for edges
absent from the corrupt prompt. This does not im-
ply that the donor state generalized to those edges:
the clean prompt itself contains clean-graph transi-
tions.

To calibrate that distinction, we run the directed
transition-cache baseline defined in Section 2.1 on
the same 200 prompt pairs. Its patching analogue

o o o &
5= o © o

Normalized patch effect
°
o

oo
® & A N o 9w

Clean-neighbor logit contrast

°
°

150 17.5 200 225 250 27.5 30.0 14 16 18 20 22 24 26 28 30
Layer Layer

(b) Seen/held-out split at 7" =
1400.

(a) Final-token patching at
T = 1400.

Figure 3: Long-context activation-patching diagnostics.
The selected-layer run shows late-layer recovery and
held-out graph-neighbor logits becoming positive in late
layers.

replaces the corrupt count row with the clean row.
This replacement has normalized recovery 1.0 by
construction and moves the held-out contrast from
—6.069 £+ 0.016 to 1.260 + 0.099 (mean + SE).
Therefore held-out clean-to-corrupt transfer is com-
patible with a local cache. The LLM patching result
establishes causal use of graph-family information,
but this particular split does not identify how that
information was computed.

Figure 3 shows the layerwise and held-out patch-
ing curves; selected aggregates appear in Table 3.

Steering provides a complementary lower-
bandwidth causal intervention. Adding the grid-
minus-ring direction from Equation 14 to held-
out ring contexts recovers 0.449 4 0.004 of the
clean-corrupt graph contrast at a = 5, while neg-
ative « reverses the effect and both random norm-
matched and shuffled-label controls remain near
zero. The effect also strengthens with layer (Fig-
ure 4). Because steering uses a single global di-
rection rather than pair-specific activation replace-
ment, it does not fully reproduce patching; held-out
edge-specific logits remain substantially harder to
steer. Together, these interventions support the exis-
tence of a manipulable graph-family representation
that contributes causally to next-token prediction,
without uniquely identifying a structure-inference
mechanism.

6.4.1 Activation Patching

The patching run reported in the paper uses
Llama-3.1-8B, 200 grid/ring clean-corrupt prompt
pairs, context length 7" = 1400, final-position
hook_resid_post activations, and the selected
layer set {14, 15, 16, 20, 24, 26, 28, 30}.

6.4.2 Activation Steering

The steering run uses disjoint train and eval-
uation contexts. We compute grid-minus-ring
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Figure 4: Additional steering diagnostics. Steering is strongest for target-to-source grid-minus-ring additions in
late layers. The reverse direction is weaker, and held-out edge-specific logits remain difficult to move with a single

global vector.

Table 3: Selected activation-patching aggregates. Ef-
fects are mean + standard error over prompt pairs.

Context  Layer n Normalized effect ~ Held-out contrast
1400 16 200 0.598 +£0.013 —2.814
1400 26 200 0.860 £ 0.008 0.492
1400 30 200 0.987 £ 0.001 2.000

vectors from 1000 training contexts per graph
at 7' = 1400, then evaluate on 500 held-
out grid/ring prompt pairs at layers 20-28 and
a € {-5,-2,-1,-0.5,0,0.5,1,2,5}. The raw
JSONL contains duplicate rows from a prior ap-
pend; all reported steering aggregates and paper
figures deduplicate by the complete intervention
key, keeping the first occurrence (pair_id, layer,
a, control, evaluation direction), yielding the ex-
pected 243,000 unique interventions.

6.4.3 Interpretation

Activation patching is a high-bandwidth, pair-
specific intervention: it replaces the corrupt resid-
ual state with the clean residual state at one
layer and position. Steering is a low-bandwidth,
population-level intervention: it adds one global
graph-difference vector to many contexts. The
large gap between near-complete patching recov-
ery and partial steering recovery is therefore not a
contradiction. It suggests that the residual stream
contains both a broad graph-family direction and
finer edge- or context-specific information that a
single steering vector does not capture.

7 Discussion & Conclusion

The behavioral, representational, and causal evi-
dence converge on the same picture: Llama-3.1-
8B is not well described as either a pure Bayesian
structure learner or a pure induction-cache machine.
Topology-specific sigmoids describe the behavioral

curves better than the shared mixture-bias ablation,
graph-aligned geometry is recoverable from the
residual stream, and patching and steering show
that graph-family information is causally used by
the output computation.

At the same time, the new controls limit what
these results establish. The cache recovers a sim-
ilar fitted complexity coefficient and reproduces
held-out-edge transfer when its clean state replaces
its corrupt state, while the principal-angle analysis
favors interpolation between pure references over
orthogonal coexistence. The present protocol there-
fore does not rule out induction. A dual-mechanism
account remains a plausible interpretation, but not
an identified conclusion.

We also acknowledge two scope limitations.
First, all experiments use a single model fam-
ily on a synthetic random-walk task; we do not
know whether the behavioral, representational, and
causal signatures reported here generalize to more
realistic reasoning benchmarks, or other model
scales and families, and we treat that generaliza-
tion as an open empirical question rather than an
assumption. Second, a natural follow-up is to re-
peat the patching, steering, and cache-control com-
parisons at a range of intermediate 7' to identify
whether, and at what context length, local-copying
explanations become insufficient on their own. Im-
mediate next steps are a direct graph-identity probe,
a degree-matched graph comparison, and a test of
genuinely unseen edges without importing them
from a clean donor context.
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