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Figure 1. Short reference chains become long computations after a tiny edit. (a) Frozen three-chain choice accuracy. (b) Frozen and
LoRA-enabled reach at 80% accuracy, with the same metric within each pair: two-chain exact accuracy for Qwen; two-chain choice
accuracy for Ouro and Huginn. (c) MuSiQue exact-match gains at the earliest and latest tested layers, with paired 95% intervals. Both
Ouro LoRAs act in every loop; a late LoRA still precedes the next loop’s middle layers.

Abstract
Pretrained transformers use little of their depth
to follow references in context. Thirteen base
models reliably follow only 1.4–3.6 lines, and
extra pretrained loops add little. A task-trained
rank-8 LoRA at one early layer extends this com-
putation with all model weights frozen. Qwen3-
8B improves from 15.5% to 99% exact accu-
racy on 24-line chains; a longer-trained LoRA
reaches 50 lines. Ouro-1.4B reaches 60 lines af-
ter four loops and at least 160 after eight. The
LoRA starts a relay: program lines pass on their
chain identity through a short range of middle
layers. Frozen heads read progressively further
up the chain, and removing parent-line atten-
tion stops the relay. A frozen-model measure-
ment locates the last useful intervention layer
within tolerance in three of four held-out mod-
els. Task-specific LoRAs also improve MuSiQue.
Default answers therefore understate the com-
putation accessible through a tiny edit. Code
and an interactive demo are available at https:
//lunamos.github.io/stop-thinking-too-early/.

1Georgia Institute of Technology. Correspondence to: Zehao
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1. Introduction
A transformer can read K = apple, B = K, D = B, and
answer print(D) without retrieving any outside knowl-
edge. Yet adding a few more assignments breaks this abil-
ity. Thirteen pretrained base models reliably follow only
1.4–3.6 lines (median 2.2). Reach grows slowly with size
within families, yet even DeepSeek-V4-Flash (292B MoE)
remains near chance on longer chains. Extra loops add lit-
tle in pretrained looped models (Fig. 1a). These failures
are surprising because transformers can implement much
longer reference-following computations in principle (San-
ford et al., 2024; Saunshi et al., 2025).

The failure is also easy to change. We train a rank-8 LoRA
at one layer while freezing every model weight. In Qwen3-
8B, this trains 65,537 added parameters, under 0.01% of
the model, and raises exact accuracy on 24-line chains from
15.5% to 99%. A LoRA trained on longer programs reaches
50 lines in one pass. In Ouro-1.4B, a LoRA makes addi-
tional loops useful: the model follows 60 lines after four
loops and at least 160 after eight. LoRA on projection
weights and FLAS-style flows at the same layer also work.
Why can such a small change do so much? The key question
is what the frozen layers do differently.

We answer that question by tracing the program’s interme-
diate representations. By default, the program passes on
which chain each line belongs to for only two or three lines.
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The query resolves another one or two pointers, and a late
layer copies the selected root value. With the LoRA, the
program’s own lines carry this computation much further.
Each line collects names from earlier lines and attends fur-
ther up its chain. This relay advances in a short range of
middle layers, repeated in each loop. A LoRA applied only
in Ouro’s first loop already lets the unmodified later loops
follow about 25 lines.

The mechanism suggests where adaptation can help: the
intervention must act while useful middle-layer computation
still follows it. Moving the same intervention past a model-
specific limit removes most of its benefit. A measurement on
the frozen model predicts this limit with modest precision
on held-out models. On MuSiQue (Trivedi et al., 2022),
early LoRAs improve exact match, and projection LoRA
restricted to early layers preserves most of the gain from
adapting every layer.

Our contributions connect the failure, fix, and computation:

1. A short default computation across thirteen standard
models and two looped families (§3).

2. A tiny edit with large gains: 50-line reach in one pass
and at least 160 with loops (§4).

3. A causal account of the relay and a prospective
placement test, followed by task-specific adaptation on
MuSiQue (§§5–7).

2. Task and intervention
Reference chains. A program contains c chains, each
with d assignments, followed by a query and Output:.
The root assignment stores a single-token noun; every later
assignment names the preceding variable. Chain length
counts assignments, including the root. For example, the
following prompt mixes two chains of three lines:

K = apple M = pear
B = K Q = M
D = B R = Q
print(D) Output:

Each assignment occupies a separate prompt line. The an-
swer is apple. Names, nouns, and queried chains are ran-
domized. In level order, assignments are grouped by depth
and shuffled within each level. In interleaved order, chains
are randomly merged while preserving definition before use.
A line’s pointer is the variable on its right-hand side; its par-
ent line defines that variable. Appendix A gives the prompt
header, vocabulary, training, and evaluation protocols.

Models and scoring. We evaluate thirteen standard base
models from Qwen3, Llama, OLMo-3, and Gemma-3
(Grattafiori et al., 2024; Yang et al., 2025a; Team Olmo
et al., 2025; Gemma Team et al., 2025), plus DeepSeek-V4-
Flash (292B MoE). The looped models are Ouro-1.4B and
Ouro-2.6B, trained with four loops of 24 and 48 layers, and

Huginn-0125, whose four-layer recurrent core was trained
with 32 recurrences on average (Geiping et al., 2025; Zhu
et al., 2025). Huginn’s initial random state is held fixed per
prompt across interventions.

Choice accuracy selects among the chains’ root values, with
chance 1/c; exact accuracy requires the correct root to rank
first over the full vocabulary. Reach is the longest chain
followed with at least 80% accuracy, linearly interpolated at
the first downward crossing. If all tested lengths pass, we
report a lower bound. Standard-model surveys use three-
chain choice accuracy; standard-model LoRA evaluations
use two-chain exact accuracy; looped-model experiments
use two-chain choice accuracy unless stated. Headline stan-
dard results use 200 programs per cell; other sample sizes
and uncertainty estimates are specified with their results in
the appendix.

LoRA at one layer. Our rank-8 LoRA (Hu et al., 2022)
acts on the residual stream at a layer’s input, updating an
identity weight with a learned scale:

h←M(h) = sh+BAh, (1)

where n is hidden width, A ∈ R8×n, B ∈ Rn×8, and
s is a scalar, with no bias. The implementation’s RMS
factors cancel. In ReFT’s terms, this is the DiReFT form
of a representation intervention (Wu et al., 2024). It acts
independently at each token; frozen attention and MLP
layers carry all communication. Layer indices start at zero.
We call attention/MLP projection-weight updates projection
LoRA. Looped models use the same LoRA in every loop
unless specified.

The scalar s rescales the full state; BA is rank eight. Stan-
dard Qwen and Ouro LoRAs learn s = 1.0006 and 1.004;
their longer-trained versions learn 1.008 and 1.002. These
four scales stay within 1% of identity (all scales in Appendix
Table 3). Only A, B, and s are trained: 65,537 parameters
in Qwen3-8B, 32,769 in Ouro-1.4B, and 84,481 in Huginn.
Training combines answer cross-entropy with KL(p0∥pM )
on WikiText-103 (Merity et al., 2017). The standard Qwen
LoRA enters layer 14 and trains through 20 lines; Ouro’s
enters layer 6 and trains with four loops. Longer-trained
Qwen and Ouro LoRAs see up to 40 lines and a larger vo-
cabulary; Huginn’s sees up to 24. Huginn’s initial 12-line
LoRA omits the text penalty. WikiText perplexity changes
from 10.14 to 10.148 in Qwen and 13.294 to 13.302 in Ouro
at four loops: a measured control, not a general-behavior
guarantee.

3. The default computation stops early
More layers do not mean more references. Reliable
reach across the thirteen standard models is 1.4–3.6 lines,
with median 2.2. Qwen3-8B drops from 83.5% choice accu-
racy at three lines to 54% at four and 41.5% at five. OLMo-
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Figure 2. The LoRA extends a relay that runs in the same middle layers. (a,b) Schematic of Qwen3-8B’s default and LoRA-enabled
computation: program lines carry chain identity; the query follows remaining pointers by default or reads the relay with the LoRA; late
layers copy the value. Arrows summarize separate measurements, not a single trajectory. (c,d) The longest prefix of lines whose chain
identity is decoded at 75% accuracy: standard models across layers, and Ouro-1.4B across four loops. Programs have sixteen lines, except
Ouro’s longer-trained LoRA trace (forty). Triangles mark LoRA inputs; shading marks relay layers; the dotted line in (c) marks Qwen’s
placement limit.

3-32B and OLMo-3-7B both reach about 2.6 lines despite
having 64 and 32 layers. DeepSeek-V4-Flash reaches 4.0
lines and scores 42% at six and 38% at eight, near the
33% chance level. Tables and complete traces appear in
Appendix B.

Additional loops give similarly diminishing returns. Ouro-
1.4B’s three-chain reach is 0, 1.6, 2.3, 2.2, and 2.2 lines
after one through five loops. Ouro-2.6B follows the same
pattern despite twice the layers per loop. Huginn reaches
only 1.4–1.6 lines after 8, 16, or 32 recurrences. Solved
demonstrations improve answer format but leave reach short.
The bottleneck therefore persists beyond both additional
depth and additional repetitions.

The query reads pointers, then copies the value. Fig-
ure 2a,b summarizes the computation. We locate the compu-
tation by changing one root noun or redirecting one pointer,
then restoring a clean residual state into the counterfac-
tual run (Meng et al., 2022). The recovered fraction of the
answer-logit difference measures the restored state’s causal
effect (Appendix Fig. 8c,d). In Qwen3-8B, a root value
remains at its source until the query takes over near layer
32 of 36, almost regardless of whether the chain has one
or four lines. Pointer effects reach the query earlier, with
the nearest pointer first. Blocking query attention to pointer
lines harms answers in the middle layers but changes accu-
racy by at most two points between those layers and the late
value copy.

The interval over which a pointer’s own effect falls from
90% to 10% spans 7.1 ± 1.4 layers across models with
16–64 layers. Its width changes little with depth, though
individual widths depend on the tracing setup (Appendix B).
In Ouro, the query takes over pointers chiefly in the third
and fourth loops, within a similarly short interval in each
loop. The network continues computing after this interval,
but it stops extending the chain.

The context makes little progress on its own. A linear
read-out predicts which root a line ultimately refers to from
its pointer state. We count a line as readable at 75% accuracy
on two chains and track the longest prefix in which every
line passes this threshold. This is our measure of the relay.
In frozen Qwen3-8B it reaches line four and stops; across
the thirteen models it stops at lines three to five. Ouro never
reliably reaches line five, even after six loops, and Huginn
never reaches line four after sixteen recurrences. The query
can resolve another pointer or two, but neither the program
nor the query traverses a long chain.

4. A small LoRA makes the layers count
Long chains in one pass. With the layer-14 LoRA,
Qwen3-8B answers 16-, 20-, and 24-line chains with 98.5%,
98.0%, and 99.0% exact accuracy, against 15.5%, 14.5%,
and 15.5% frozen. The 24-line result is 198 of 200 programs
(95% Wilson interval 96.4–99.7%); three training seeds
score 94.7–97.5% on separate samples. A longer-trained
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LoRA answers 40-line chains at 98% and 48-line chains
at 88%, versus 4% and 9% frozen, reaching 50 lines. The
longest results use level-ordered, two-chain programs. Inter-
leaving lowers 24-line accuracy to 76.5%, and three chains
lower 16-line accuracy to 58.0%; both remain well above
the frozen model. A separately trained three-chain LoRA
transfers from code to English assignments (Appendix C).

Longer chains with more loops. Ouro’s standard LoRA
reaches 1.9, 7.1, and 17 lines after one, two, and three
loops, and answers every tested length through 24 after four.
Its longer-trained LoRA reaches 60 after four loops, about
146 after six, and at least 160 after eight (Fig. 3); 160-line
accuracy is 87%, at four times the longest training chain. A
second training seed reaches 52 rather than 60 lines after
four loops. Huginn’s longer-trained LoRA reaches 31 lines
after eight recurrences and 58 after sixteen (95% interval
37–64). These gains are not unlimited: both models lose
reach when run well beyond their training loop counts.

Ouro’s first-loop-only LoRA reaches 9.5 lines after two
loops, 21.5 after three, and about 25 after four through eight.
Unmodified loops therefore continue the computation. This
result concerns shorter programs; the LoRAs reaching 60
and 160 lines act in every loop. Training with fewer loops
also changes the pace: LoRAs trained with one, two, or
four loops reach 12.5, 4.4, or 1.9 lines in the first loop.
Appendix C gives seed, chain-count, vocabulary, and loop-
count controls.

The useful layers can be run again. We also re-enter
Qwen3-8B’s layers 14–22 and apply the LoRA at each re-
entry. With training matched to the longer-chain setting,
64-line exact accuracy rises from 34% in one pass to 66%

with one re-entry and 92% with two; the frozen model scores
10%. Repeating this part of a standard model gives the relay
more time to advance.

Other interventions work at the same location. Rank-
8 projection LoRA on layer 14’s seven projections yields
99.0% and 90.0% accuracy at 16 and 24 lines. FLAS (Jin
et al., 2026) is a parallel method that moves the hidden state
through a learned flow. Three low-rank integration steps
yield 99.5% and 94.0%; FLAS-style flow blocks also extend
reach. At layer 26, all four interventions select between
two chains near chance. This supports a shared placement
preference, without establishing the relay mechanism for
projection LoRA or flows (Table 1; full controls in Appendix
Table 6).

Table 1. Different edits share an early placement preference.
Qwen3-8B exact accuracy (%) on two-chain, 24-line programs;
200 programs per cell with matched training. This comparison
evaluation is separate from the headline LoRA result. Step counts
are the same at both layers.

Intervention Parameters Layer 14 Layer 26

LoRA 66K 96.5 54.5
Projection LoRA 606K 90.0 52.5
FLAS flow, 3 steps 66K 94.0 54.0
FLAS block, 1 step 168M 95.5 56.0

5. The LoRA starts a relay in the middle layers
A short interval carries a much longer computation.
With the LoRA, Qwen3-8B’s relay reaches lines 5, 6, 6,
8, 9, 13, and 16 at the outputs of layers 16–22 (Fig. 4). The
frozen model reaches line four at layer 17 and goes no fur-
ther. Restoring a redirected pointer’s clean state recovers its
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effect at progressively later program lines and then at the
query, which recovers half the effect from layer 25. Thus
the gain is visible in both read-outs and causal interventions.

The same pattern repeats across loops. Ouro’s relay ad-
vances almost entirely within layers 7–15 of each loop; with
the longer-trained LoRA it reaches lines 4, 9, 25, and 40 af-
ter the first four loops (Fig. 2d). The deeper Ouro-2.6B still
uses a short middle interval, and Huginn advances mainly in
the last two layers of its recurrent core. The LoRA’s location
can change when this relay starts, but the frozen layers carry
it.

Attention reaches further as the relay advances. We
measure attention from a line’s pointer to pointers earlier
in its own chain, subtracting attention to corresponding
lines of the other chain. A head is selected on one half of
the programs and scored on the other. Without the LoRA,
only attention to the parent line consistently distinguishes
the chains. With the LoRA, Qwen’s attention reaches two
lines up at layers 16–18, then three, four, six, and seven at
layers 19–22. Each layer advances the relay by at most that
distance. In Ouro, attention reaches one, two, four, and five
lines up across four loops. This gradual growth differs from
pointer doubling: attention overlaps several earlier lines
rather than making discrete jumps that double in length.

The relevant heads already exist in the frozen model. In
Ouro, heads that previously read no further than the par-
ent line take over longer reads, while the strongest frozen
parent-line heads themselves read less far. At four loops,
ablating seven longer-reading heads lowers reach to 12.0,
versus median 24 across twenty layer-matched random-head
draws. In Huginn, the strongest parent-reading head directly
takes over longer reads (Appendix D). In Qwen3-8B on
interleaved sixteen-line chains, removing ten parent-reading

heads lowers choice accuracy from 89% to 53%, versus
83% after removing ten random heads matched by layer.
Removing eight longer-reading heads leaves 65%, versus
90% for eight matched random heads. These cuts test the
contribution of the heads identified by their reads.

The parent line is necessary. Removing each Qwen
pointer’s attention to its parent in layers 14–22 returns six-,
eight-, and twelve-line chains to chance (53%, 48%, and
55%). Removing the same edges after the relay, in layers
23–29, leaves 100%, 100%, and 98%. In Ouro, removing
parent attention stops the relay; removing attention two or
more lines up reduces reach from 17.8 to 9.4 (Fig. 5). On
three-chain Ouro programs, cuts to the line’s own chain mat-
ter, while matched cuts to other chains or random lines have
little effect. In Ouro, parent attention remains necessary
with weights zeroed after softmax and with renormalizing
masks (Appendix E).

Earlier names let a line find earlier lines. Linear probes
decode names defined progressively further up the chain
after the LoRA. In Ouro, names three to six lines up are
present even at lines that the relay has not yet reached.
Blocking parent-line attention lowers loop-two decoding
of names four lines up from 0.29 to 0.18, near loop one’s
0.13; once a line’s chain is resolved, the names fade. The
observations support a computation in which parent atten-
tion brings names down the chain, and longer attention uses
them to find the chain’s earlier lines.

The LoRA itself exchanges no information across tokens.
Applying it only to program tokens retains the gain, while
applying it only at the query adds just two to four lines.
Chain identity later occupies the broader residual stream,
not just the low-rank part’s eight-dimensional span: remov-
ing that span from later states leaves read-out near 95%.
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Ouro’s unmodified loops continue the relay after a first-
loop-only LoRA. Together, these results place the extended
computation in the frozen layers.

The ability is learned before the LoRA. The same LoRA-
training procedure unlocks progressively longer chains in
later OLMo pretraining checkpoints: reach is 10.2 after 84
billion tokens and 23.7 after 336 billion, while frozen reach
stays below two. Small looped transformers trained from
scratch on the programs learn the same relation between
relay progress and attention distance, matching exactly in
108 of 165 layer steps, advancing further in 8 and less far in
49. Both findings connect the intervention to an available
learned computation (Appendices H and I).

6. Where to put the fix
A sharp placement limit. Holding LoRA rank, data, and
optimization fixed, moving the Qwen3-8B LoRA from layer
20 to 21 lowers reach from 20.5 to 5.2 lines (Fig. 6). Corre-
sponding transitions occur at layers 12–15 in OLMo-3-7B
and 13–15 in Llama-3.1-8B, and second seeds reproduce
them. The limit lies within the middle layers: an early-
started relay can continue beyond it, but a later LoRA cannot
start one. In Qwen, the layer-20 LoRA enables increasingly
long attention reads; the layer-21 LoRA leaves attention
near the parent line.

Predicting placement from the frozen model. We define
the cutoff layer from frozen three-line, three-chain programs:
the first layer where restoring a pointer’s own token recovers
less than half its effect, averaged over pointers on lines two
and three. Qwen’s cutoff is 20.5. A placement works if
it recovers at least half the best observed extension above

median frozen reach; the last working placement and next
tested layer bracket the limit.

Before obtaining held-out results, we preregistered the cut-
off prediction and two alternatives fitted or chosen using five
development models. The criterion was agreement within
the observed bracket expanded by one layer, in at least three
of four held-out models. The cutoff met this criterion for
Llama-3.2-1B, Qwen3-4B, and Gemma-3-12B, but missed
OLMo-3-32B by five layers from the bracket midpoint (Ta-
ble 2). Its mean absolute error was 2.25 layers, versus 3.45
for 45% of depth and 3.37 for the value-copy layer minus
11.5. Across all nine models, however, its error is 2.22 lay-
ers, essentially tied with 2.27 for a post-hoc rule at 48% of
depth. Thus the cutoff provides a starting point for a local
sweep, without demonstrated superiority to relative depth
(Appendix F).

Table 2. The frozen cutoff locates three held-out limits. Brackets
join the last working and next tested layer. Checks allow one layer
beyond either edge, as preregistered. All entries are layer indices;
all nine models and baseline rules appear in Appendix Table 7.

Held-out model Placement bracket Cutoff

Llama-3.2-1B 7–8 8.0✓

Qwen3-4B 20–22 22.0✓

Gemma-3-12B 24–27 23.0✓

OLMo-3-32B 22–26 19.0

A later loop provides another opportunity. Ouro’s layer-
20 LoRA follows one loop’s middle layers but precedes the
next loop’s. It therefore improves reach with a delay. Ap-
plying a LoRA only in the last loop isolates the distinction:
layer 6 reaches 21.6 lines after four loops; layer 20 reaches
2.6, essentially the frozen 2.5. Ouro-2.6B separates this
from unused depth: a last-loop-only LoRA at layer 24 still
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has 24 layers after it, but reaches just 4.7 lines after four
loops versus 2.6 frozen. The same application schedule at
layer 12, inside the middle range, reaches 9.6. What matters
is whether useful middle-layer computation can still follow
the intervention, not how many layers remain in total.

7. Multi-hop question answering
Fictional facts preserve the controlled setting. We re-
place assignments with typed facts about fictional entities
and ask questions that compose the relations. A Qwen3-8B
LoRA trained on two- to five-hop questions raises exact
match from 41.2% to 97.4% over 500 paired questions, a
gain of 56.2 points [51.8, 60.6]. It also improves unseen
six-hop questions from 23% to 88%. Ouro’s LoRA, trained
on one to four hops, extends reliable answers from two hops
to six after four loops and eight after six or eight loops, at
91–92% accuracy, twice the training hops.

Early layers also matter on MuSiQue. We train both
LoRA forms separately on MuSiQue questions, supervising
answers only, and evaluate direct answers with shuffled sup-
porting paragraphs. This tests placement on a benchmark,
without transferring a program-trained LoRA. On 900 de-
velopment questions, LoRAs at the earliest tested layers
add 11.4, 9.4, and 17.9 exact-match points in Qwen3-8B,
OLMo-3-7B, and Llama-3.1-8B (Fig. 7). Qwen’s frozen
exact match is 52.9%; the layer-6 LoRA beats the layer-30
LoRA by 13.0 points [10.1, 16.0]. These are also the best
tested layers on the same development set, with no held-
out layer-selection split. At the fixed program intervention
layer 14, Qwen gains 9.3 points averaged over three seeds.
Late LoRAs add little, with Llama’s useful region extending
beyond its program-based limit.

Early projection LoRA retains most of its all-layer gain:
11.0 versus 12.8 points in Qwen, 10.6 versus 10.8 in OLMo,
and 20.1 versus 20.9 in Llama. Late projection LoRA gains
0.4, 0.9, and 10.7 points, respectively. Equal-width layer
ranges in Qwen show that parameter count does not explain
the placement effect. At layer 6, a FLAS-style low-rank
flow and flow block gain 9.4 and 9.3 points. Full results,
seed variation, intervals, and training details appear in Ap-
pendix G.

In Ouro, the layer-6 LoRA improves exact match on 300 de-
velopment questions from 48.3% to 60.0% after four loops,
with the largest gain on four-hop questions (40% to 58%).
Gains persist from two through eight loops. With both Lo-
RAs applied every loop, layer 20 gains 7.0 points at four
loops, versus layer 6’s 11.7 (Fig. 1c). Projection LoRA of
comparable size at the same layer also improves answers.
Last-loop-only LoRAs again distinguish location: layer 6
adds 6.3 points after two, four, or six loops, whereas layer
20 adds 2.0, −1.3, and −1.3. The benchmark supports the
placement preference; the program experiments establish
the relay mechanism.

8. Related work
Composition and information flow. The gap between
knowing facts and composing them motivates direct-answer
multi-hop studies (Press et al., 2023; Yang et al., 2024b;
Balesni et al., 2024). Layer ordering and competing con-
text/query dependencies can obstruct composition (Biran
et al., 2024; Lepori et al., 2025; Yang et al., 2025b); back-
attention and intermediate-layer adaptation address related
access problems (Sia et al., 2024; Yu et al., 2025). Two-
hop tasks expose layerwise computation, while depth alone
need not improve composition (Guo et al., 2025; Csordás
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Figure 7. Early adaptation preserves most of the MuSiQue improvement. Results use identical prompts on 900 development questions
with gold paragraphs. (a) Exact-match gain from LoRAs trained on MuSiQue, versus layer relative to depth; dotted lines mark placement
limits measured on programs. (b) Rank-8 projection LoRA restricted to early, all, or late layers. Error bars are paired 95% bootstrap
intervals over questions. Projection LoRA learning rates are 3 · 10−4 for Qwen and 10−4 for OLMo and Llama.

et al., 2025). We connect these timing questions to the
computation accessible in frozen pretrained weights and a
prospective test of intervention placement.

Binding and reusable circuits. Variable assignments
probe composition (Zhang et al., 2022; Hsieh et al., 2024),
alongside entity-tracking tasks (Kim & Schuster, 2023; Tang
et al., 2026). Binding representations, lookbacks, and entity-
tracking circuits explain how models preserve references
(Feng & Steinhardt, 2024; Prakash et al., 2024; 2025; Wu
et al., 2025; Oh & Demberg, 2026). Mechanistic analysis
of a transformer trained on symbolic multi-step reasoning
provides a close precedent (Brinkmann et al., 2024). Here,
the central contrast is between the short default computation
of pretrained models and the longer relay enabled by a tiny
edit. Parent-reading heads resemble induction heads (Olsson
et al., 2022); growing sets of earlier lines relate to learned
graph-search computations (Saparov et al., 2025). We use
causal tracing and attention knockout methods (Meng et al.,
2022; Wang et al., 2023; Geva et al., 2023) to distinguish
these reads from correlations in probes.

Loops and adaptation. Recurrent-depth models make
inference computation adjustable (Dehghani et al., 2019; Gi-
annou et al., 2023; Yang et al., 2024a; Saunshi et al., 2025;
Fan et al., 2025). Pretrained looped models and retrofits
realize this possibility (Geiping et al., 2025; Zhu et al., 2025;
McLeish et al., 2026; Bae et al., 2025; Koishekenov et al.,
2025), but their repeated stages need not produce a latent
reasoning chain (Lu et al., 2025; Blayney et al., 2026; Wang
& Reid, 2026). Unlike training recurrent models for k-hop
extrapolation (Kohli et al., 2026) or supervising one hop
per loop (Shapiro, 2026), we start the relay in pretrained
loop bodies with a representation edit. We compare the
residual-stream LoRA with projection LoRA (Hu et al.,

2022) and FLAS representation interventions (Jin et al.,
2026). Localized adaptation also has precedents in LoFiT
(Yin et al., 2024) and single-layer reinforcement learning
near mid-depth (Zhang et al., 2026b). We use established
intervention forms to measure where frozen layers can ex-
tend an in-context computation; Appendix K gives further
connections.

9. Discussion
A wrong direct answer or weak scaling with loops does not
establish that the weights cannot compose the references.
The default pass combines a short context relay, a few query-
side steps, and a late value copy; the LoRA lets the relay
continue while the middle layers can act. Evaluation should
therefore distinguish default behavior from computation
accessible under a specified intervention. For adaptation,
placement determines which useful computation can follow
a change; for inference, loops and re-entry help by repeating
the layers that carry it.

Limitations. The mechanistic tasks are synthetic and in-
context; MuSiQue provides evidence about placement, with
gold paragraphs in the main setting, rather than direct ev-
idence of the same mechanism. Detailed traces focus on
Qwen3-8B and Ouro-1.4B, and the looped models cover
two families, with Ouro-2.6B grown from Ouro-1.4B. Lo-
RAs are trained for each task format. The text penalty is a
measured control, placement predictions have modest pre-
cision, and first-loop-only sufficiency is established only
through about 25 lines. The longest-chain looped results use
level order and a LoRA in every loop. The learned routing
directions and minimum sufficient rank remain unidentified;
our causal tests constrain the computation without uniquely
specifying its algorithm.
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Impact Statement
This work diagnoses how pretrained language models fol-
low references supplied in context. It uses public models,
synthetic tasks, and public datasets. The interventions are
evaluated on specific task families; deployment reliability
and effects on broader model behavior require separate eval-
uation. We do not foresee direct harmful uses beyond those
of the underlying models.

References
Aghajanyan, A., Zettlemoyer, L., and Gupta, S. Intrin-

sic dimensionality explains the effectiveness of language
model fine-tuning. In Proceedings of the 59th Annual
Meeting of the Association for Computational Linguistics,
2021. arXiv:2012.13255.

Bae, S., Kim, Y., Bayat, R., Kim, S., Ha, J., Schuster, T.,
Fisch, A., Harutyunyan, H., Ji, Z., Courville, A., and Yun,
S.-Y. Mixture-of-recursions: Learning dynamic recursive
depths for adaptive token-level computation. In Advances
in Neural Information Processing Systems, volume 38,
pp. 96572–96617, 2025.

Balesni, M., Korbak, T., and Evans, O. Lessons from
studying two-hop latent reasoning. arXiv preprint
arXiv:2411.16353, 2024.

Bansal, A., Schwarzschild, A., Borgnia, E., Emam, Z.,
Huang, F., Goldblum, M., and Goldstein, T. End-to-end
algorithm synthesis with recurrent networks: Logical ex-
trapolation without overthinking. In Advances in Neural
Information Processing Systems, 2022.

Biran, E., Gottesman, D., Yang, S., Geva, M., and Glober-
son, A. Hopping too late: Exploring the limitations of
large language models on multi-hop queries. In Proceed-
ings of the 2024 Conference on Empirical Methods in
Natural Language Processing, pp. 14113–14130, 2024.
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A. Tasks, interventions, and measurements
A.1. Prompts, models, and scoring

A program starts with Here is a short program. Each line assigns a value to a variable.,
lists one assignment per line, and ends with print(X) and Output:. Each chain begins with a single-token noun and
continues with assignments to previously defined variables. Length counts assignments in one chain, including its root.
Level order shuffles the chains within each level; interleaved order randomly merges the chains while preserving their
individual order. Names, root values, and the queried chain are drawn at random. The standard-model panel uses 26 capital
letters. Longer programs add lowercase letters and tokenizer-compatible two-letter names; the full pools contain 369 names
for Ouro and 527 for Huginn.

DeepSeek-V4-Flash uses the DeepSeek-V4-Flash-Base checkpoint. The standard panel comprises thirteen base models:
Qwen3 from 0.6B to 14B, Llama-3.2-1B and 3B, Llama-3.1-8B, OLMo-3-7B and 32B, and Gemma-3-4B, 12B, and 27B.
Ouro-1.4B and 2.6B apply 24 and 48 layers per loop and were trained with four loops. We change the loop count at inference.
Huginn-0125 has two embedding layers, a four-layer recurrent core, and two decoding layers. Each recurrence receives the
embedded prompt; its latent state is initialized randomly, with the same initial state used for matched runs on a prompt.
Huginn was pretrained with a random recurrence count averaging 32. Layer indices begin at zero. An intervention at layer a
acts on that layer’s input, after a layers; read-outs and attention refer to layer outputs.

Choice accuracy compares logits only among the chains’ root values, with chance 1/c for c chains. Exact accuracy requires
the correct root to have the highest logit in the vocabulary. Reach is the first downward crossing of 80% accuracy, linearly
interpolated between tested lengths; if every tested length exceeds the threshold, the maximum tested length is a lower
bound. The standard frozen panel uses three chains and choice accuracy, standard-model LoRAs use two chains and exact
accuracy, and looped-model evaluations use two chains and choice accuracy unless specified otherwise.

Panel cells and headline standard-model evaluations contain 200 programs; placement sweeps and looped evaluations
ordinarily contain 150. Longer-trained LoRAs, lengths above 24, and query-blocking, few-shot, mask, and head-ablation
runs generally use 100; Huginn, longer-trained LoRA masks, and the longer-trained LoRA’s 128- and 160-line cells use 60.
Individual experiments below state exceptions, including the Qwen3 head comparison with 150 programs and the larger
mask controls.

Fictional-fact prompts contain an instruction, a solved example, and facts about fictional people, places, works, and
organizations, with distractor chains sharing the same relations. Their compositional questions are scored by the first token
of each chain’s final entity. MuSiQue outputs are decoded greedily, stopping at a newline or after 16 tokens in standard
models and 12 in Ouro. Exact match and F1 use the answer and its aliases after lowercasing and removing punctuation and
articles.

A.2. Training the LoRA

The LoRA in Section 2 is implemented as

h← sh+ rms(h)BA
h

rms(h)
= (sI +BA)h. (2)

It acts independently at each token; frozen attention and MLP layers perform all communication between tokens. At rank
eight, the learned parameter counts are 65,537 for Qwen3-8B, 32,769 for Ouro-1.4B, and 84,481 for Huginn. Ouro normally
applies the same LoRA in every loop at layer 6; Huginn applies it at the recurrent core’s input-adapter output. The standard
Qwen3-8B LoRA enters layer 14.

Table 3 reports the learned scalar in each LoRA. The standard and longer-trained Qwen3-8B LoRAs and the every-loop
Ouro LoRAs keep s within 1% of one; the first-loop-only, Huginn, and re-entry LoRAs learn larger rescalings. The scalar
acts on the full residual stream, while BA is the rank-8 part of the intervention.

For standard models, initialize A with independent normal entries of standard deviation n−1/2, B = 0, and s = 1. AdamW
uses learning rate 10−3, no weight decay, and gradient clipping at one. Training lasts 1,200 steps with batches of 16
two-chain, level-order programs, with lengths sampled up to 20. The long variant uses 2,000 steps, lengths up to 40, and the
larger name vocabulary. Each step adds KL(p0∥pM ) on eight 160-token WikiText-103 training passages, weighted by one,
to the answer cross-entropy. Placement sweeps use this same recipe.
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Table 3. Learned scales distinguish the LoRA’s scalar and low-rank components. Each value is the learned s in M(h) = (sI+BA)h.
Longer-trained LoRAs use the training lengths described below; the Qwen3-8B re-entry LoRA accompanies additional passes through
layers 14–22.

LoRA Learned scale s

Qwen3-8B, layer 14 1.0006
Qwen3-8B, longer-trained LoRA 1.008
Ouro-1.4B, layer 6, every loop 1.004
Ouro-1.4B, longer-trained LoRA 1.002
Ouro-1.4B, first loop only 1.039
Huginn, trained up to 12 lines 1.06
Huginn, longer-trained LoRA 1.09
Qwen3-8B, re-running layers 14–22 0.858

The text control evaluates the first 64 WikiText-103 test passages longer than 800 characters, truncated to 256 tokens.
Qwen3-8B’s loss changes from 2.3165 to 2.3173 and perplexity from 10.14 to 10.148. The 24-line headline evaluates 198
correct answers among 200 fresh programs, with 95% Wilson interval 96.4–99.7%. On a separate sample, the same training
seed scores 195/200; two further seeds score 142/150 and 143/150. The 48-line result is 88/100, with interval 80.2–93.0%.

Ouro program LoRAs use 1,200 steps, batches of 16, and lengths drawn uniformly from 1 to 20, or 1 to 40 for the
longer-trained LoRA. Gradients pass through all four training loops. The text penalty uses eight WikiText chunks of 160
tokens per step with weight one; at four loops, perplexity changes from 13.294 to 13.302. Fact training uses eight questions
of one to four hops per step. MuSiQue uses 1,500 steps with eight questions, their supporting paragraphs and optionally two
distractor paragraphs, answer-token loss, and four WikiText chunks per step.

Huginn training uses batch size one with eight accumulated programs per update and gradients through eight recurrences.
The initial latent-state seed is fixed per program. The first LoRA uses 600 steps, chains of 1–12 lines, and no text penalty.
The longer-trained LoRA uses 1,000 steps; its maximum chain length increases from 8 to 24 over the first 500. One WikiText
chunk is used every four programs. At sixteen recurrences, perplexity is 15.7 frozen and 16.0 with this LoRA.

A.3. Restoration, read-outs, and attention

Let g(x) = zv(x)− zv′(x) compare final-token logits for the clean and counterfactual answers. Replacing only the residual
state at position p and layer input ℓ gives the normalized restoration effect

S(p, ℓ) =
g(xcf ;h

clean
p,ℓ )− g(xcf)

g(xclean)− g(xcf)
. (3)

Effects may be negative or exceed one and do not sum to a conserved total across positions. Root-value interventions replace
a noun while preserving its chain. Pointer interventions redirect one assignment to another chain. Detailed traces retain pairs
answered correctly in both versions, so the five-line traces describe successful computation at that length. The panel’s cutoff
uses 24 retained pairs per pointer position on three-line programs. For the line-2 pointer, only 13 pairs in Llama-3.2-1B and
11 in Qwen3-0.6B survive 1,440 attempts.

For each line and layer output, a ridge read-out predicts chain membership from the pointer state. The 600 programs split
into 450 training and 150 test examples; the ridge penalty is 0.1 times the mean squared state norm. A line is readable
at 75% accuracy with two chains, or 60% against 33% chance with three. The relay reaches line k only when every line
through k is readable. Chain membership depends on pointers but not on the root noun, separating the computation of where
to read from copying the value itself.

Attention j lines up the chain is attention from a line’s pointer to the pointer j assignments earlier on its own chain, minus
attention to the corresponding line of the other chain. Heads for each layer or loop and distance are selected on half the
programs and evaluated on the other half. The Qwen3-8B parent-line cut blocks the four tokens of the parent assignment
from each pointer and renormalizes; it uses 100 programs per length. Head ablations remove only heads at or after the
LoRA: ten parent-reading heads in layers 14–22 and 34, or eight heads reading further in layers 17–24. Their random
controls match the number removed at each layer and use 150 programs per point.
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B. How the frozen models stop
B.1. A short computation in standard models

Reliable reach ranges from 1.4 to 3.6 lines, with median 2.2, in the panel (Table 4). Qwen3-8B’s choice accuracy is 83.5%,
54%, and 41.5% at three, four, and five lines, giving reach 3.1. Doubling OLMo-3’s depth from 32 to 64 layers leaves
reach near 2.6. DeepSeek-V4-Flash (292B MoE), with 43 layers, reaches 4.0 on the same likelihood-scored task with 100
programs per length. Its choice accuracy is near chance at longer lengths: 0.42 at six lines and 0.38 at eight, against 0.33
chance. For one- to four-line chains, its correct root first becomes the top candidate in at least half the programs after the
same 23 layers.

Three measurements locate this failure (Figure 8). First, Qwen3-8B keeps the root-value effect at its source for most of the
pass; the query acquires half near layer 32 of 36, largely independently of chain length. Second, the program resolves only
its first assignments: line 2 is readable directly at its pointer, line 3 from layer 9, and line 4 from layer 17; later layers add
no further line. Interleaving the chains preserves this short relay. Across the thirteen models, the relay stops at lines 3–5,
with line 5 reached only by Qwen3-14B. Third, successful five-line answers involve the query resolving the last one or two
pointers, nearest first. The query can therefore meet an incomplete relay: for a query about line 5, following its pointer to a
readable line 4 suffices.

Table 4. Frozen reach stays short across thirteen standard models. Choice accuracy uses three chains and 200 programs per cell.
Cutoff and value-copy layers are relative to depth; value copy is the first layer at which the final token holds half the root-value effect,
averaged over one- to three-line chains. Relay is the last consecutively readable line in two-chain, eight-line programs. Unlocked reach
uses exact accuracy with a rank-8 LoRA at the best tested layer: six to thirteen placements per model, three for Llama-3.2-3B, and two for
Qwen3-14B. A dash denotes an untrained LoRA.

Model Layers Choice accuracy by chain length (chance 1/3) Reach Cutoff Value copy Relay Unlocked

1 2 3 4 5 6 (lines) (rel. depth) (rel. depth) (line) (lines)

Llama-3.2-1B 16 0.98 0.50 0.41 0.29 0.30 0.36 1.4 0.50 0.94 3 6
Qwen3-0.6B 28 0.99 0.52 0.34 0.35 0.25 0.39 1.4 0.36 0.92 3 13
Qwen3-1.7B 28 0.99 0.76 0.40 0.35 0.27 0.32 1.8 0.64 0.92 3 22
Llama-3.2-3B 28 0.98 0.78 0.47 0.28 0.28 0.38 1.9 0.45 0.83 3 ≥24
Qwen3-4B 36 0.99 0.77 0.51 0.36 0.34 0.35 1.8 0.61 0.92 4 ≥24
Gemma-3-4B 34 1.00 0.85 0.54 0.36 0.37 0.32 2.2 0.51 0.85 3 –
Llama-3.1-8B 32 0.99 0.81 0.49 0.32 0.28 0.28 2.0 0.39 0.79 4 ≥24
OLMo-3-7B 32 1.00 0.95 0.69 0.38 0.41 0.36 2.6 0.47 0.77 3 ≥24
Qwen3-8B 36 1.00 0.98 0.83 0.54 0.41 0.32 3.1 0.57 0.89 4 ≥24
Gemma-3-12B 48 0.99 0.98 0.94 0.62 0.39 0.34 3.4 0.48 0.82 4 ≥24
Qwen3-14B 40 1.00 0.94 0.94 0.69 0.48 0.34 3.6 0.53 0.88 5 ≥24
Gemma-3-27B 62 1.00 1.00 0.96 0.69 0.46 0.36 3.6 0.48 0.87 4 –
OLMo-3-32B 64 1.00 0.99 0.68 0.43 0.39 0.34 2.6 0.30 0.66 4 ≥24

B.2. Measuring when pointer reading ends

The cutoff layer is the average, over pointers on lines 2 and 3 of a three-line, three-chain program, of the first layer where
restoring the pointer’s source token recovers less than half its effect. Qwen3-8B’s cutoff is 20.5, the transition is largely
complete by 24, and value copying follows near 32.

We measure the full reading range from the first layer where the queried pointer retains less than 90% of its effect to the first
layer where the final token holds 90% of both pointers’ effects. A second width uses only the queried pointer’s departure,
from 90% to 10%, denoted W80. Across 16–64-layer models, W80 is 7.1± 1.4 layers (range 5.4–10.2), with slope −0.017
against depth; a width proportional to depth would give 0.19. The two-threshold range is 7.2± 1.1 layers, with slope 0.011
and bootstrap 95% interval [−0.018, 0.118]. Its start scales with depth, at 0.42± 0.08 of the stack.

Threshold sensitivity supports interpreting the common width rather than individual-model differences. Seven of nine
combinations of start thresholds 0.9, 0.75, 0.5 and end thresholds 0.5, 0.75, 0.9 give slopes between −0.008 and 0.075. The
other two, starting at 0.5 and ending at 0.5 or 0.75, give 0.116 and 0.111. These measure only the lag between half-departure
of the queried pointer and arrival of both pointers: at most two layers in most models up to 36 layers, five in Qwen3-0.6B
and OLMo-3-7B, and four to six at depths 40–64. Using two chains shifts individual widths by up to four layers, including 7
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Figure 8. The query stops following pointers before it copies the answer. Qwen3-8B: (a,b) the default and LoRA-enabled computations,
summarized from separate measurements; (c) root-value restoration at the root token and query, for one- to four-line chains; (d) pointer
restoration on correctly answered five-line chains. Solid curves show the source token and dashed curves the query. The nearest pointer
reaches the query first. The dotted cutoff is 20.5; value copying occurs near layer 32. Positions denote layer inputs, and restoration curves
need not sum to one.

to 11 in Qwen3-0.6B and 7 to 4 in Llama-3.1-8B. Within Qwen, Llama, and Gemma, larger models nevertheless resolve
more pointers in this similarly wide range.

Query-attention cuts preserve root assignments so that the answer value remains available. Blocking between the end of
pointer reading and value copying changes two-line accuracy from 0.99 to 0.98 in Qwen3-8B, 0.93 to 0.94 in OLMo-3-7B,
and 0.87 to 0.85 in Llama-3.1-8B. Blocking the reading range gives 0.76, 0.40, and 0.53; blocking all preceding layers gives
0.39, 0.50, and 0.42. Sliding three-layer cuts hurt only at layers 13–22, 6–17, and 7–15 respectively. Attention begins a few
layers before the pointer effects leave their source and ends with the measured range.

B.3. Extra loops repeat the short computation

Ouro-1.4B answers one-line chains at 43% after one loop (three chains; chance 33%). At two loops it answers one-line
chains at 99% and two-line chains at 68%; at three, two-line chains at 89% and three-line chains at 59%. Reach after one
through five loops is 0, 1.6, 2.3, 2.2, and 2.2. Four-line accuracy remains within ten points of chance through ten loops.
Ouro-2.6B follows a similar schedule despite twice the layers per loop: 0, 1.8, 2.4, 2.5, and 2.7 lines. Thus the second loop
adds one to two lines, the third 0.4–0.7 lines or hops, and subsequent loops at most 0.3.

The pattern persists with facts and demonstrations. Ouro-1.4B answers two-hop fictional questions at 45%, 64%, 78%, and
82% over one to four loops, and three-hop questions at no more than 56%. Qwen3-1.7B-Base obtains 65% and 48% in
one pass. Four solved programs fix Ouro’s output format (one-line exact accuracy 3% to 100%) while reach stays at most
3.3. Huginn’s one-line accuracy is only 55–65% after one to four recurrences with two chains; reach is 1.4–1.6 after 8, 16,
and 32, and two-line accuracy stays at 68–70% from eight onward. Four demonstrations leave reach at 1.6 after sixteen
recurrences.

15



Transformers Stop Thinking Too Early, and a Tiny LoRA Fixes It

0 20 40 60 80
layers

0.0

5.0

10.0

15.0

20.0

W
id

th
 o

f q
ue

ry
 re

ad
in

g 
(la

ye
rs

)

proportional to depth
mean 7.1 layers
Qwen

Llama
OLMo
Gemma

0.0 0.2 0.4 0.6 0.8 1.0
relative depth

Llama-3.2-1B (16)

Qwen3-0.6B (28)

Qwen3-1.7B (28)

Llama-3.2-3B (28)

Llama-3.1-8B (32)

OLMo-3-7B (32)

Gemma-3-4B (34)

Qwen3-4B (36)

Qwen3-8B (36)

Qwen3-14B (40)

Gemma-3-12B (48)

Gemma-3-27B (62)

OLMo-3-32B (64)

layers where the question reads
value copied

0.0 0.2 0.4 0.6 0.8 1.0
Blocked layers (relative depth)

0.2

0.4

0.6

0.8

1.0

tw
o-

lin
e 

A
cc

ur
ac

y

Llama-3.1-8B (base 0.87)
Qwen3-8B (base 0.99)
OLMo-3-7B (base 0.93)

a b

c

Figure 9. Pointer reading occupies a similar number of layers at different depths. (a) Width across thirteen models; dotted:
proportional-to-depth width; dashed: mean. (b) Relative positions of pointer reading and value copying. (c) Two-line choice accuracy
after blocking query attention to pointer assignments in three consecutive layers, with three chains. Shading marks each model’s measured
pointer-reading range; the horizontal dotted line marks chance (one third).

Restoration in Ouro retains 30 of 66 sampled three-line pairs for which both answers are correct and a redirected pointer
flips the answer. At least 87% of each pointer’s effect remains at its source through two loops. In layers 9–13 of loop 3, the
queried-line pointer’s effect falls from 0.90 to 0.30 and the pointer one line earlier from 0.89 to 0.49; loop 4 transfers the
remainder. Blocking query attention to pointer assignments in loop 3 or 4 costs 16–24 points, versus at most ten in loop 1 or
2; blocking every loop brings all chains to chance. The reading range spans 3.9–5.7 layers per loop, averaging 4.9.

Ouro’s program relay reaches line 3 in loop 1, line 4 only marginally (read-outs 0.80, 0.73, and 0.71 in three samples), and
never line 5 in six loops. Huginn reaches line 2 in recurrence 2 and line 3 in recurrence 4, but never line 4 in sixteen (at most
0.65). The chain-selective attention is limited to the parent. Ouro’s strongest heads are layer 10 head 13, layer 9 head 12,
and layer 10 head 5, with parent attention 0.33–0.37; Huginn’s are layer 3 head 34 and layer 2 head 24. Attention two or
more lines earlier differs between the own and other chain by at most 0.02. The late query takes additional steps while the
program’s short relay remains stalled.
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Figure 10. Frozen looped models gain little after the first few loops. (a) Choice accuracy on three-chain programs for Ouro-1.4B and
2.6B. (b) Fictional-fact questions; diamonds show Qwen3-1.7B-Base in one pass. (c) A pointer’s restoration effect stays at its source
(solid) through early loops and reaches the query (dashed) in late loops. (d) Furthest consecutively readable line so far, by layers applied,
in Ouro and Huginn.
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Figure 11. The same Qwen3-8B weights answer much longer programs after an early LoRA. Exact next-token accuracy on two-chain,
level-order programs. (a) A LoRA trained up to 20 lines, evaluated on 200 programs per length. (b) A separate LoRA trained up to 40
lines with a larger name vocabulary, evaluated on 100. Shading marks extrapolation beyond the training range; bars are 95% Wilson
intervals over programs, not training seeds.
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C. What the LoRA unlocks
C.1. Accuracy, format, and model controls

The layer-14 Qwen3-8B LoRA gives exact accuracy 98.5%, 98.0%, and 99.0% at 16, 20, and 24 lines, compared with
15.5%, 14.5%, and 15.5% frozen. Separate training seeds score 94.7–97.5% at 24 lines. The longer-trained LoRA answers
40- and 48-line programs at 98% and 88%, versus 4% and 9% frozen. Its reach is 50 lines.

Table 5. The Qwen3-8B LoRA transfers across assignment orders and chain counts. Exact accuracy (%), 200 programs per cell.
Training uses two chains in level order up to twenty lines; dashes denote unevaluated cells.

Chains, order Model 4 lines 8 12 16 20 24

2, level frozen 57.5 44.5 25.5 15.5 14.5 15.5
2, level LoRA 100.0 100.0 99.5 98.5 98.0 99.0
2, interleaved frozen 60.0 44.0 33.0 21.5 18.0 17.0
2, interleaved LoRA 99.5 95.0 89.5 82.0 85.5 76.5
3, level frozen 48.5 15.5 8.0 8.0 – –
3, level LoRA 97.0 83.5 71.5 58.0 – –

Changing to randomly interleaved assignments preserves much of the gain (Table 5): 89.5% exact accuracy at twelve lines
and 76.5% at 24. With a third chain, eight-line accuracy is 83.5%. A separate three-chain LoRA trained on code-style
programs up to five lines transfers to JavaScript assignments (const B = A;, five-line exact accuracy 41% to 99%)
and English assignments (B means the same as A., 0% to 94%). Across models, the best tested LoRA gives at
least 24 lines in Llama-3.2-3B, Qwen3-4B, Llama-3.1-8B, OLMo-3-7B, Qwen3-8B, Gemma-3-12B, Qwen3-14B, and
OLMo-3-32B; reaches are 22 in Qwen3-1.7B, 13 in Qwen3-0.6B, and 6 in Llama-3.2-1B.

C.2. Alternative interventions at the same layer

The comparison in Table 6 trains every intervention on the same two-chain, level-order distribution up to 20 lines: 1,200
steps, batches of 16, answer cross-entropy, and a WikiText penalty of weight one. Evaluation uses 200 fresh programs per
length. A rank-8 projection LoRA changes all seven projections of layer 14 (query, key, value, output, gate, up, and down)
at learning rate 3 · 10−4. It uses about nine times the residual-stream LoRA’s parameters and attains 99.0% and 90.0% exact
accuracy at 16 and 24 lines.

The low-rank FLAS-style flow (Jin et al., 2026) operates on the RMS-normalized state with forward Euler updates

z ← z +
T

N
B silu(Az + e(t)). (4)

The time embedding e(t) is learned; T ∼ U [0.5, 2] during training and T = 2 at evaluation. Three integration steps give
99.5% and 94.0% at 16 and 24 lines with the LoRA’s parameter count; one step gives 95.0% and 79.0%. This is a parallel
representation-intervention method.

The FLAS flow block follows its released implementation without a concept encoder because there is one task. A time
embedding precedes a gated MLP of intermediate width 12,288; the optional causal self-attention phase comes from the first
FLAS version and is omitted in later versions. Each phase uses RMSNorm before and after, with a per-channel residual
gate initialized to 0.1. The velocity is the block output minus its input, integrated over N steps at learning rate 10−4. The
168-million-parameter block gives 99.5% and 90.5%; adding self-attention (235 million) gives 99.0% and 98.5%; omitting
the time embedding gives 92.0% and 70.0%. Sharing one LoRA across layers 6, 10, and 14 gives 100% and 94.5%.

All these early changes extend the chain. At layer 26, the LoRA, low-rank flow, FLAS block, and projection LoRA learn to
emit a root value but choose between chains near chance: 52.5–56.0% at 24 lines, with chance 50%. Table 6 also reports the
one-step block and text-distribution controls. Its residual-stream LoRA row is a separate comparison evaluation from the
headline accuracy experiment.

C.3. Loop count, training length, and transfer

For Ouro-1.4B, the every-loop layer-6 LoRA reaches 1.9, 7.1, and 17 lines after one, two, and three loops. It solves every
tested length up to 24 after four, six, and eight loops; evaluating longer programs with unseen two-letter names gives 27,
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Table 6. Several forms of early intervention extend reference chains. Exact accuracy (%) on two-chain programs, 200 per length, with
50% root-choice chance. Parameter counts denote trained parameters. Text KL is the divergence from frozen WikiText predictions per
token, averaged over the final 200 training steps. Layer-26 interventions are after the working region.

Change Where Parameters Text KL 8 lines 16 lines 24 lines

none (frozen) 0 0 36.0 19.5 17.5
LoRA: h← s h+BAh rank 8, layer 14 66K 0.005 100.0 99.0 96.5
the same LoRA at three layers layers 6, 10, 14, shared 66K 0.006 100.0 100.0 94.5
low-rank flow (FLAS-style), 3 steps rank 8, layer 14 66K 0.003 100.0 99.5 94.0
low-rank flow, 1 step rank 8, layer 14 66K 0.002 98.0 95.0 79.0
FLAS flow block, 3 steps MLP + time, layer 14 168M 0.012 99.5 99.5 90.5

with self-attention layer 14 235M 0.010 100.0 99.0 98.5
without time embedding layer 14 151M 0.006 99.0 92.0 70.0
1 step layer 14 168M 0.017 99.5 98.5 95.5

projection LoRA (all projections of one layer) rank 8, layer 14 606K 0.002 99.5 99.0 90.0

at layer 26, after the placement limit (LoRAs work up to layer 20):
LoRA rank 8, layer 26 66K 0.012 49.5 53.5 54.5
low-rank flow, 3 steps rank 8, layer 26 66K 0.004 49.5 48.0 54.0
FLAS flow block, 1 step MLP + time, layer 26 168M 0.049 49.0 50.5 56.0
projection LoRA (all projections of one layer) rank 8, layer 26 606K 0.002 51.5 48.5 52.5

37, and 41. The frozen model reaches at most 2.5. Training the longer-trained LoRA on up to 40 lines with the 369-name
pool gives 7.4, 25, and 60 lines after two, three, and four loops, about 146 after six, and at least 160 after eight. Eight-loop
accuracy on 160-line programs is 87%, at four times the maximum training length. The observed reach gains per loop grow
before saturating: about 5, 10, and 10 lines in loops 2–4 for the standard LoRA, and 17, 35, and then about 43 in loops 3–6
for the longer-trained LoRA. These gains apply within a useful loop range: at twelve loops, accuracy falls at every tested
length (91% at four lines, 68% at 64), consistent with overthinking in recurrent models (Kohli et al., 2026). Frozen accuracy
is at chance from eight lines onward at every loop count.

Huginn’s LoRA trained to twelve lines reaches 2.2, 3.4, 6.6, 9.7, 12.3, and 16.8 after three through eight recurrences, and
25.0 after twelve. With the 527-name pool, text penalty, and training up to 24 lines, reach rises to 31 after eight and 58 after
sixteen (95% interval 37–64), or 2.4 times the maximum training length. Reach subsequently falls to 30 and 13 after 32 and
64 recurrences. Both looped families peak at about twice their training recurrence count. With the larger Huginn vocabulary,
frozen accuracy is at chance from two lines onward.

Applying the Ouro LoRA in the first loop alone still gives 9.5 lines after two loops, 21.5 after three, and 24–26 after
four through eight. These evaluations reach the transition to unseen two-letter names. The program read-outs locate the
computation in the unmodified later loops: loop 1 with the LoRA makes lines 2–5 readable, loop 2 without it makes lines
6–11 readable in layers 7–13, and loop 3 resolves the remaining sixteen-line chain.

Seed and distribution controls retain the improvement. Two additional every-loop seeds show the same growth (Table 11). A
second longer-trained LoRA seed reaches 52 after four loops, compared with 60 for the first, and answers 96-line chains
at 94% and 98% after six and eight. A fixed steering vector at layer 6 has 2,049 parameters and reaches 2.9, 6.1, and 7.1
after two through four loops. Randomly interleaved sixteen-line chains score 99% at four loops with the LoRA versus 46%
frozen. A LoRA trained on two chains transfers without retraining to three, reaching 5.5, 13.0, and at least 16 after two,
three, and four loops, versus 2.6 frozen. A longer-trained LoRA trained on two to four chains reaches at least 64 after four
loops on both two and three chains, and 37 on four. In Ouro-2.6B, a layer-12 LoRA reaches 2.0, 8.6, 18.1, and at least 24
after one through four loops, versus 2.6 frozen.

The training loop count changes the speed of the computation. Training with two loops yields reach 4.4 after one and 25
after two, compared with 1.9 and 7.1 for the four-loop LoRA. It rises slightly to 27 at three, then declines to 24 at six and
22 at eight. Training with one loop yields 12.5 lines in a single 24-layer pass; a second loop reduces reach to about two.
Attention follows the same ordering: LoRAs trained with one, two, or four loops attend 4, 2, or 1 lines earlier in their first
loop. The two-loop LoRA attends 2 and 6 lines earlier during training loops, versus 1 and 2 for the four-loop LoRA, and
less far after them. For comparison, Qwen3-1.7B with a LoRA reaches 17–22 lines in one pass of 28 layers, similar to
Ouro-1.4B after three passes of 24.
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Reusing only the middle of a standard model also helps. Qwen3-8B re-enters layers 14–22 once or twice, with the LoRA at
every re-entry, and trains on chains up to 40 lines. At 64 lines, exact accuracy is 34% for the one-pass LoRA, 66% for one
re-entry, and 92% for two; at 48 it is 88%, 90%, and 97%. Reach increases from 50 to at least 64; the frozen model answers
64-line programs at 10%.

D. The computation carried by the middle layers
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Figure 12. The relay advances within a short middle range in each pass. (a) Furthest consecutively readable line versus model depth,
frozen on eight-line programs and with LoRA on sixteen-line programs. (b) Layerwise progress in Qwen3-8B and Llama-3.1-8B, with
LoRA inputs marked by triangles; shading identifies Qwen3-8B’s advancing relay, and the dotted line its placement limit. (c) Progress
every second layer of Ouro-1.4B’s first four loops: sixteen-line programs for the standard LoRA and forty for the longer-trained LoRA.
Shading marks layers 7–15 of each loop.

D.1. Where lines become readable

With the Qwen3-8B LoRA, all sixteen lines become readable by layer 22 in level order, and ten by layer 21 when interleaved.
Redirecting line 2’s pointer and restoring its state at progressively later lines recovers the original effect; restoration at the
query begins to recover it at layer 23 and exceeds half from layer 25. These interventions locate the extended computation
inside the program before its result reaches the query.

The relay with LoRA stays at line 3 through layer 15, then reaches lines 5, 6, 6, 8, 9, 13, and 16 at the outputs of layers
16–22. The frozen relay reaches line 4 at 17 and stops. Interleaved chains advance mainly in layers 15–21; Llama-3.1-8B
with a layer-11 LoRA advances from line 3 to 16 in layers 13–20. In five standard models with early LoRAs, attention two
lines up peaks at 41–50% of depth.

Ouro-1.4B’s relay advances almost entirely in layers 7–15 of each loop. Outside this range it gains at most two lines, apart
from the first move to line 2 early in loop 1. On forty-line programs, the longer-trained LoRA adds 3, 5, 16, and 15 lines in
loops 1–4 and reaches lines 4, 9, 25, and 40. The final gain is limited by the program length. Ouro-2.6B retains a similarly
located and sized range despite its 48-layer body: a layer-12 LoRA advances in layers 7–17 to lines 4, 8, 15, and 24 after one
through four loops; the other 37 layers contribute at most two. Huginn advances mostly in the last two layers of its four-layer
core. These ranges overlap default query reading: layers 13–22 in Qwen3-8B and layers 9–13 of Ouro’s third loop.
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D.2. Attention reaches further as the relay advances

Using attention difference 0.1 as the threshold, Qwen3-8B attends at most two lines earlier in layers 16–18, then 3, 4, 6, and
7 in layers 19–22. Its relay advances by 2, 1, 0, 2, 1, 4, and 3 lines over those layers, never more than the corresponding
attention distance. With interleaved programs, attention reaches two lines earlier in layers 16–18, three to six in 19–22, and
ten in 23–24. Heads in layers 20–24 put 62–89% of their attention on the queried line’s own chain and 10–23% on the other.
They distribute it over up to five earlier lines (effective number 1.6–5.0); the same frozen heads devote only 3–21% to the
chain.

In Ouro, the standard LoRA attends 1, 2, 4, and 5 lines earlier across loops 1–4 on 24-line chains; the longer-trained LoRA
attends 1, 3, 5, and 6 on forty-line chains. Huginn reaches distances 1, 1, 2, 2, 3, 4, 5, and 5 across its first eight recurrences.
Within the middle layers, each two-layer step of Ouro’s longer-trained LoRA advances about as far as its attention reaches:
about one line per step in loop 1, one or two in loop 2, and four or five in loop 3, where attention reaches five or six. This
resembles the growing reach of pointer-doubling constructions (Sanford et al., 2024), but the observed distances increase by
one or two rather than doubling, and attention overlaps several earlier lines.

D.3. Which heads carry the relay

The Ouro heads that make longer reads with the LoRA mostly attended no further than the parent when frozen. Layer 12
head 6, layer 14 head 12, and layer 7 head 7 reach total attention differences 0.78–1.06 over distances of at least two in
loops 4–6, versus at most 0.02 frozen. Their attention spreads: layer 12 head 6 in loop 4 assigns 0.17, 0.19, 0.20, 0.14, 0.11,
and 0.08 at distances one through six. The strongest frozen parent-reading heads themselves read less far with the LoRA.
When the LoRA acts only in loop 1, later unmodified loops still read 2, 3, 5, and 4 lines earlier over loops 1–4. In Huginn,
the same frozen parent-reading head, layer 3 head 34, takes over longer reads: its attention beyond the parent rises from 0.01
to 0.74 between recurrences 1 and 7.

Head ablations test these associations. In Qwen3-8B with LoRA on interleaved chains, removing the ten parent-reading
heads changes choice accuracy at 8, 12, and 16 lines from 95%, 87%, and 89% to 55%, 46%, and 53%; removing ten
random heads in the same layers leaves 94%, 79%, and 83%. Removing the eight longer-reading heads gives 79%, 68%,
and 65%, compared with 95%, 87%, and 90% for eight random heads.

In Ouro, removing the seven longest-reading heads in every loop leaves reach 8.5 after three loops and 12.0 after four.
Twenty random matched-layer draws leave 12.0–17.4 and 22.0–at least 24 (medians 15.8 and 24). Removing the three
strongest frozen parent-reading heads (layer 10 heads 13 and 5, layer 9 head 12) leaves 8.5 and 13.7, compared with 9.9–17.5
and 18.7–at least 24 for twenty random draws (medians 15.4 and 24). The same targeted cut lowers frozen two-line accuracy
from 91% to 75%.

D.4. What the representations carry

A probe over variable names shows that each line accumulates names of its ancestors. In Qwen3-8B with LoRA, names
defined three to seven assignments earlier become decodable in distance order at layers 17–23, with accuracies from 0.41
down to 0.14 against chance 0.03. Frozen decoding beyond two lines never exceeds 0.19.

In Ouro with 52 names, frozen pointers carry names one and two lines earlier at accuracy 0.89 in loop 1, while names three
lines earlier reach at most 0.16 (chance 0.02). The LoRA adds the name three lines earlier at 0.51 in loop 1, and names
four, five, and six lines earlier at 0.29, 0.17, and 0.10 in loop 2. These names arrive before chain membership becomes
readable. In loop 2, unreadable lines decode names three through six earlier at 0.54, 0.27, 0.16, and 0.10, compared with
0.48, 0.30, 0.18, and 0.11 on readable lines. The unmodified loops after a first-loop-only LoRA give 0.71, 0.30, 0.18, and
0.13. Blocking parent attention throughout loop 2 keeps the four- to six-line names near their loop-1 values: 0.18, 0.09,
and 0.05, versus 0.13, 0.06, and 0.04 after loop 1 and 0.29, 0.17, and 0.10 unblocked. Once lines are readable, names fade;
three-line-name accuracy is 0.28 by loop 4.

The LoRA initiates this distributed computation. Training and applying it only at program tokens in Qwen3-8B gives 82%
choice accuracy on three interleaved sixteen-line chains, compared with 78% when applied everywhere; restricting it to
query tokens adds only two to four lines. Although the low-rank part of the LoRA writes in the eight-dimensional span of B,
chain membership is no more readable there than in a random eight-dimensional subspace. Removing that span from later
states leaves read-out near 95%. The relay develops in the wider residual stream. The query then mainly reads its result:
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Figure 13. Frozen heads carry longer reads once the LoRA starts the relay. Ouro-1.4B unless specified. (a,b) Chain-selective attention
by distance and loop on 24-line programs, selecting heads on separate programs. (c) Attention summed over distances of at least two, for
the three heads reading furthest with LoRA and the strongest frozen parent-reading heads; solid curves show LoRA and dashed curves
the frozen model. (d) Chain read-outs with the LoRA only in loop 1. (e) Decoding ancestor names at lines not yet readable, in loop 2.
(f) Three-loop reach after removing attention to specified assignments in every layer and loop: bars zero weights after softmax; ticks
renormalize.

blocking Ouro query attention to pointer assignments in any one of loops 1–3 leaves eight- and sixteen-line accuracy at
98–100%; blocking loop 4 leaves 100% and 73%.

E. Attention cuts and their controls
E.1. Parent attention and longer reads

The main Ouro cuts zero attention weights after softmax, leaving all remaining weights unchanged and leaving query
attention intact. Each program line loses attention to the specified assignments in every layer and loop. Removing parent
attention stops the relay at every tested length and loop count; frozen two-line accuracy also loses 18 points. Removing
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attention two or more lines earlier in both chains leaves frozen three-line accuracy almost unchanged (67% without this
attention, 65% with it) but reduces three-loop reach with LoRA from 17.8 to 9.4.

Cuts confined to layers locate the necessary computation. Removing attention in layers 16–23 loses nothing. Removing
longer reads in layers 7–15 leaves reach 10.1, versus 15.3 when removed in layers 0–6. Parent attention is needed both
before and during the middle range: removing it in layers 0–6 stops the relay, restricting that cut to loop 1 leaves 9.1 lines,
and removing it in layers 7–15 leaves 5.0.

The corresponding Qwen3-8B parent cut renormalizes attention. Applied from the LoRA through the relay, layers 14–22, it
lowers six-, eight-, and twelve-line accuracy to 53%, 48%, and 55%. Cutting the other chain’s corresponding assignments
leaves 99%, 93%, and 90%; cutting parent attention only after the relay, in layers 23–29, leaves 100%, 100%, and 98%. In
Huginn, a renormalizing cut beyond the parent lowers reach from 16.2 to 10.7 after eight recurrences, while cutting the
parent stops the relay.

E.2. Which chain supplies the useful attention

A larger Ouro evaluation uses 300 programs per length and 95% parametric-bootstrap intervals. At three and four loops
respectively, removing all reads two or more lines earlier gives reach 9.7 [9.4, 10.0] and 12.1 [11.3, 12.7], compared with
17.1 [16.5, 17.6] and at least 24 unmasked. Cutting only earlier assignments of the same chain gives 12.8 [11.6, 14.0] and
17.3 [15.8, 18.7]; cutting the other chain gives 14.8 [14.3, 15.7] and at least 24. Cutting an equally large random set drawn
from both chains gives 14.1 [13.4, 15.0] and 22.5 [21.6, 23.8]. Thus the own chain matters more after four loops. On two
chains, the other chain can also identify a binary membership: hiding it makes some long-chain answers systematically
wrong, with 34% accuracy on 24-line chains at three loops.

Three-chain evaluations separate this ambiguity (200 programs per length). Removing reads beyond the parent on the own
chain yields 7.6 [6.7, 8.5] and 7.2 [6.5, 8.4] lines after three and four loops. Removing all such reads yields similarly low
reach, 7.6 [6.7, 8.3] and 8.4 [7.6, 9.0]. Cutting the other chains leaves 12.4 [11.7, 12.8] and at least 16; cutting an equally
large random set leaves 11.7 [10.6, 12.5] and at least 16. Unmasked reach is 12.7 [11.9, 13.3] and at least 16. Here the
useful attention is along the line’s own chain.

E.3. Why renormalization changes the comparison

Assigning blocked keys −∞ before softmax redirects their attention to remaining keys. With this mask, hiding only the own
chain hurts more than hiding both chains (three-loop reach 8.4 versus 10.6), because the retained other chain receives the
displaced weight. Under renormalizing cuts, faster relays depend more on reads beyond the parent: the two-loop LoRA falls
from at least 24 to 12.8 after two loops, and the longer-trained LoRA from 61 to 16.6 after four. Huginn’s corresponding cut,
evaluated on 60 programs, gives 10.7 instead of 16.2 at eight recurrences and 16.8 instead of at least 24 at sixteen. Parent
cuts stop its relay.

F. Placement: prediction, uncertainty, and loop timing
F.1. The last useful input layer

A placement at layer a works when its reach recovers half the best observed gain over median frozen reach R0:

R(a) ≥ R0 +
1
2

[︁
max

b
R(b)−R0

]︁
. (5)

The bracket joins the last working placement to the next tested layer. Qwen3-8B falls from 20.5 to 5.2 lines when the LoRA
moves from layer 20 to 21; OLMo-3-7B falls from 21.5 to 6.6 between 12 and 15; Llama-3.1-8B from 16.6 to 2.9 between
13 and 15. Second seeds reproduce the contrasts at 21.8 versus 6.5, 20.9 versus 7.7, and 20.0 versus 3.1. Both smaller Qwen
models also lose their extension with depth.

For Qwen3-8B, performance varies less across earlier placements: LoRAs at layers 6–19 answer 75–90% of 24-line
programs using two-letter names unseen in training. At layer 20, the last working placement, the relay restarts locally:
attention reaches one line earlier at layer 20, two at 21, and three to five by 24. At layer 21, attention stays near the parent
(further attention at most 0.11), and the relay does not start. Late layers can therefore continue a computation initiated earlier
even when a LoRA at their input cannot initiate it.
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F.2. Prospective test and its resolution

The placement preregistration was committed September 26, 2026, at 18:12 EDT, before the first saved held-out result at
18:21. Five development models determined three rules: the frozen cutoff layer, 45% of depth, and the value-copy layer
minus 11.5. The preregistration fixed the working threshold above, errors to bracket midpoints, and success within the
bracket expanded by one layer on each side in at least three of four held-out models. It also fixed imputing accuracy one at
length one when evaluations begin at length two.

The completed held-out grids are layers 1–8, 10, and 12 for Llama-3.2-1B; 12–26 in steps of two for Qwen3-4B; 14, 18,
21, 24, 27, 30, and 34 for Gemma-3-12B; and 14–34 in steps of four for OLMo-3-32B. No held-out sweep has a failing
placement followed by a working one. Qwen3-0.6B’s layer-3 placement in the development set falls below threshold, so the
bracket describes the end of the useful region, not its beginning.

Table 7. The cutoff predicts three of four held-out placement brackets within the preregistered tolerance. All entries are layers. The
first five models informed the rules; the last four were held out. “Cutoff” is the frozen measurement, “Copy” the value-copy rule, and
checks mark predictions within the observed bracket expanded by one layer on either side.

Model Layers Limit bracket Cutoff 45% Copy−11.5

Qwen3-8B 36 20–21 20.5✓ 16.2 20.2✓

OLMo-3-7B 32 12–15 15.0✓ 14.4✓ 12.7✓

Llama-3.1-8B 32 13–15 12.5✓ 14.4✓ 13.4✓

Qwen3-1.7B 28 12–14 18.0 12.6✓ 13.5✓

Qwen3-0.6B 28 12–14 10.0 12.6✓ 13.7✓

Llama-3.2-1B 16 7–8 8.0✓ 7.2✓ 2.8
Qwen3-4B 36 20–22 22.0✓ 16.2 20.6✓

Gemma-3-12B 48 24–27 23.0✓ 21.6 27.5✓

OLMo-3-32B 64 22–26 19.0 28.8 30.4

The held-out brackets and cutoff predictions are 7–8 versus 8, 20–22 versus 22, 24–27 versus 23, and 22–26 versus 19,
in the order above. Midpoint errors are 0.50, 1.00, 2.50, and 5.00 layers. The first three meet the tolerance, giving mean
absolute error 2.25 versus 3.45 for the 45% rule and 3.37 for the value-copy rule. Across all nine models, cutoff error is 2.22
layers; an after-the-fact constant 48% of depth gives 2.27. Relative cutoff and relative placement limit correlate at r = 0.69.
The cutoff gives a prior of modest precision; a local sweep establishes the useful range.

Each held-out bracket has a second seed on both sides. Resampling the saved accuracies from their binomials preserves the
bracket in at least 99.8% of 2,000 draws for eight of nine models and in 85.5% for Llama-3.2-1B. This measures sampling
uncertainty conditional on the grid and training seed, not training variation (Table 8).

Table 8. Independent seeds preserve the observed placement contrasts. Reach is measured in lines at 80% exact accuracy. Bracket
stability is the fraction of 2,000 binomial resamples retaining the bracket; it conditions on the evaluated grid and seed.

Model Before / after Seed 0 (before) Seed 0 (after) Seed 1 (before) Seed 1 (after) Bracket stability

Qwen3-8B 20 / 21 20.50 5.17 21.76 6.49 100.0%
OLMo-3-7B 12 / 15 21.47 6.62 20.93 7.66 100.0%
Llama-3.1-8B 13 / 15 16.59 2.93 20.00 3.11 100.0%
Qwen3-1.7B 12 / 14 14.86 6.74 – – 100.0%
Qwen3-0.6B 12 / 14 8.85 4.47 – – 100.0%
Llama-3.2-1B 7 / 8 4.59 3.68 4.52 3.39 85.5%
Qwen3-4B 20 / 22 17.26 3.48 15.75 3.82 100.0%
Gemma-3-12B 24 / 27 14.14 3.67 16.31 3.80 99.8%
OLMo-3-32B 22 / 26 21.12 3.22 21.60 3.21 100.0%

F.3. A later loop can supply the needed middle layers

In Ouro-1.4B, a layer-10 LoRA inside the middle range reaches 6.2, 17, and at least 24 after two, three, and four loops,
similar to layer 6. A layer-20 LoRA, after that range, does nothing in a single loop but can use the next loop: its reach is 4.2,
12.3, and at least 24 after two through four loops, compared with 7.1, 17, and at least 24 at layer 6. Its progress lags by
roughly half a loop to a loop.
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Figure 14. Held-out sweeps test predictions made from frozen models. Reach versus LoRA input layer. Circles show the original
training seed and crosses a second seed on each side of the bracket. Shading shows the observed bracket, dashed lines the working
threshold, and dotted lines the frozen cutoff prediction.

Applying a LoRA only in the last loop isolates this ordering. Layer 6 still reaches 21.6 after four loops, whereas layer 20
gives 2.6, versus 2.5 frozen, and gains nothing at any tested loop count despite learning the answer format. Ouro-2.6B gives
the same distinction with more unused depth: a last-loop LoRA at layer 24 has 24 layers after it but no middle range, adding
about two lines from two loops onward and reaching 4.7 after four versus 2.6 frozen. A LoRA at layer 12, within the middle
range, adds about seven and reaches 9.6.

G. Multi-hop questions and fixed-prompt comparisons
G.1. Fictional facts

Qwen3-8B’s layer-14 LoRA trained on two- to five-hop fictional questions raises exact match from 41.2% to 97.4% on 500
matched prompts: a paired gain of 56.2 points [51.8, 60.6]. Across two to five hops, frozen accuracy ranges from 81% to
26%, versus 99–100% with LoRA. Six-hop accuracy, beyond training, rises from 23% to 88%. Ouro-1.4B’s LoRA trains on
one to four hops with three chains (chance 33%). At four loops it extends reliable answers from two hops (82% frozen) to
six (83% with LoRA; five-hop accuracy 96%). At six or eight loops it answers eight-hop questions at 91–92%, twice the
training hops and up to twice the training loop count.

G.2. Prompt matching and uncertainty

The original paragraph shuffling used a generator seeded by Python’s process-specific string hash. Independent processes
could therefore see different paragraph orders, shifting frozen exact match by up to four points in Ouro after two loops.
Every trained adapter was subsequently evaluated with a fixed hash seed and saved per-question predictions. Comparisons
use identical prompts and paired 95% bootstrap intervals over questions with 2,000 resamples. For multiple training seeds,
scores are averaged per question before bootstrapping. These intervals quantify question sampling, not seed variability.
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Figure 15. Early changes improve multi-hop answers in Ouro-1.4B. (a) Fictional-fact accuracy by hop and loop count, frozen and
with a LoRA trained on one to four hops. Three chains give chance 1/3. (b) MuSiQue exact match on 300 development questions using
identical prompts for all methods; LoRAs and matched-size projection LoRA are compared at layers 6 and 20, alongside a soft prompt
and steering vector. (c) Four-loop exact match by hop count, with binomial standard errors.

The standard-model setting uses 900 development questions with two to four hops, selection seed one, a fixed demonstration,
and supporting paragraphs truncated to 900 characters. Training randomly alternates supporting-only and distractor contexts,
uses answer-only teacher forcing, batch eight, and 1,500 AdamW updates with WikiText KL weight one. LoRA learning
rate is 10−3; projection LoRA uses 10−4 or 3 · 10−4. Rank-8 projection LoRA adapts the query, key, value, output, gate, up,
and down projections. In Qwen3-8B this trains 21.8 million parameters over all layers, 12.7 million over layers 0–20, or 9.1
million over 21–35; the LoRA trains 65,537.

G.3. Standard-model MuSiQue controls

Tables 9–10 report the fixed-prompt comparisons. Every tested layer is evaluated on the same 900 development questions;
the best early-layer gains summarize this sweep, without a separate held-out split for selecting a layer. Qwen3-8B starts
at 52.9% EM. Early LoRAs at layers 6, 10, and 14 add 11.4, 9.2, and 9.3 points; the layer-14 seeds score 64.3%, 61.7%,
and 60.4%. Layer 20 adds 4.8, while 26 and 30 add 0.3 and −1.6. The paired layer-6 versus layer-30 difference is 13.0
[10.1, 16.0]. Early projection LoRA gains 11.0 [8.3, 13.8], within 1.8 [−0.1, 3.7] of all-layer projection LoRA’s 12.8; late
projection LoRA gains 0.4 [−2.3, 3.3]. At the lower learning rate 10−4, late projection LoRA still gains only 1.2 [−1.8,
4.2].

Equal-width layer ranges rule out parameter count as the explanation. Qwen3-8B projection LoRA on successive nine-layer
quarters gains 9.0, 9.4, 4.9, and −3.1 points; the first-minus-last difference is 12.1 [8.9, 15.3]. First-half and second-half
projection LoRA gain 11.1 and 6.1, a difference of 5.1 [2.7, 7.5]; the second half starts three layers before the program
placement limit. OLMo-3-7B starts at 54.4% and gains 9.4, 6.2, and 5.9 with LoRAs at layers 4, 8, and 12. From layer 16
onward, gains are −1.1 to −3.8. Early projection LoRA gains 10.6 versus 10.8 for all layers and 0.9 late, with early-minus-
late 9.7 [7.2, 12.2]. Llama-3.1-8B starts at 46.8%, gains 12.9–17.9 up to layer 12, still gains 10.1 at 16 beyond its program
limit of 13–15, and at most 2.0 from layer 20. Early projection LoRA gains 20.1, within 0.8 of all-layer projection LoRA’s
20.9; late projection LoRA gains 10.7, with early-minus-late 9.4 [6.9, 11.9].

The Qwen3 LoRA at layer 14 recovers about three quarters of all-layer projection LoRA’s gain with 65,537 rather than 21.8
million parameters. A 4,097-parameter steering vector there adds 7.8 [5.3, 10.3], only 1.5 [−0.7, 3.7] below the LoRA.
At layer 6, a LoRA-sized FLAS-style flow adds 9.4 [6.6, 12.3] and the FLAS block 9.3 [6.3, 12.3]. Training a LoRA on
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single-hop SQuAD in the same way does not improve MuSiQue (−2.3 [−5.2, 0.7]), supporting a gain beyond answer
formatting.

Table 9. MuSiQue comparisons for Qwen3-8B with fixed prompts. EM and gains average seeds per question; intervals are paired 95%
question-bootstrap intervals on 900 gold-context development questions. Ranges are inclusive. Projection LoRA learning rate is 3 · 10−4

unless stated.

Model Intervention Seeds (EM) EM Gain [95% CI]

Qwen3-8B frozen – 52.9 –
LoRA at 6 – 64.3 +11.4 [+8.6, +14.3]
LoRA at 10 – 62.1 +9.2 [+6.1, +12.2]
LoRA at 20 – 57.7 +4.8 [+1.9, +7.8]
LoRA at 26 – 53.2 +0.3 [-2.2, +3.0]
LoRA at 30 – 51.3 -1.6 [-4.2, +1.2]
LoRA at 14 64.3/61.7/60.4 62.1 +9.3 [+6.5, +12.0]
projection LoRA all 66.8/64.7 65.7 +12.8 [+9.9, +15.8]
projection LoRA 0-20 63.2/64.6 63.9 +11.0 [+8.3, +13.8]
projection LoRA 21-35 53.1/53.6 53.3 +0.4 [-2.3, +3.3]
projection LoRA 0-8 – 61.9 +9.0 [+5.9, +12.2]
projection LoRA 9-17 – 62.3 +9.4 [+6.2, +12.9]
projection LoRA 18-26 – 57.8 +4.9 [+1.8, +8.0]
projection LoRA 27-35 – 49.8 -3.1 [-5.8, -0.4]
projection LoRA 0-17 64.0/64.0 64.0 +11.1 [+8.1, +14.2]
projection LoRA 18-35 60.0/57.9 58.9 +6.1 [+3.4, +9.0]
projection LoRA all (lr 1e-4) – 61.9 +9.0 [+5.9, +12.0]
projection LoRA 21-35 (lr 1e-4) – 54.1 +1.2 [-1.8, +4.2]
steering vector at 14 – 60.7 +7.8 [+5.3, +10.3]
SQuAD LoRA at 14 – 50.6 -2.3 [-5.2, +0.7]
FLAS flow at 6 – 62.3 +9.4 [+6.6, +12.3]
FLAS block at 6 – 62.2 +9.3 [+6.3, +12.3]

Table 10. MuSiQue comparisons for OLMo-3-7B and Llama-3.1-8B. Same 900-question protocol as Table 9; projection LoRA learning
rate is 10−4.

Model Intervention Seeds (EM) EM Gain [95% CI]

OLMo-3-7B frozen – 54.4 –
LoRA at 4 – 63.9 +9.4 [+6.2, +12.6]
LoRA at 8 – 60.7 +6.2 [+3.1, +9.3]
LoRA at 12 – 60.3 +5.9 [+2.6, +9.2]
LoRA at 16 – 53.3 -1.1 [-4.2, +2.1]
LoRA at 20 – 52.4 -2.0 [-4.8, +0.8]
LoRA at 24 – 50.7 -3.8 [-6.8, -0.9]
LoRA at 28 – 51.1 -3.3 [-6.3, -0.7]
projection LoRA all – 65.2 +10.8 [+7.9, +13.6]
projection LoRA 0-14 66.0/64.1 65.1 +10.6 [+7.7, +13.7]
projection LoRA 15-31 55.2/55.6 55.4 +0.9 [-1.9, +3.6]

Llama-3.1-8B frozen – 46.8 –
LoRA at 4 – 64.7 +17.9 [+14.4, +21.4]
LoRA at 8 – 59.7 +12.9 [+9.3, +16.2]
LoRA at 12 – 63.7 +16.9 [+13.8, +20.1]
LoRA at 16 – 56.9 +10.1 [+7.0, +13.1]
LoRA at 20 – 48.1 +1.3 [-1.9, +4.3]
LoRA at 24 – 47.3 +0.6 [-2.7, +3.9]
LoRA at 28 – 48.8 +2.0 [-0.8, +4.9]
projection LoRA all – 67.7 +20.9 [+17.8, +24.0]
projection LoRA 0-14 67.3/66.3 66.8 +20.1 [+17.1, +23.1]
projection LoRA 15-31 56.7/58.2 57.4 +10.7 [+7.8, +13.6]
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G.4. Ouro results by loop, hop, and intervention

The Ouro development set has 300 questions: 142 two-hop, 105 three-hop, and 53 four-hop, with gold paragraphs. With
the LoRA applied in every loop, the evaluation uses loop counts 2, 3, 4, 6, and 8. Frozen EM is 36.0%, 45.3%, 48.3%,
47.0%, and 43.3%; the layer-6 LoRA gives 47.7%, 59.3%, 60.0%, 60.3%, and 55.3%. Paired gains are 11.7 [6.3, 16.7], 14.0
[8.3, 19.7], 11.7 [6.0, 17.3], 13.3 [8.0, 19.0], and 12.0 [6.3, 17.3]. At four loops, two-hop EM rises from 57% to 66% and
four-hop from 40% to 58%. F1 improves less than EM, so part of the gain concerns answer form. An earlier run without
fixed hash seeds, using two distractor paragraphs, gives 27.7% to 38.7% at two loops and 39.0% to 54.3% at four.

A matched-size rank-4 projection LoRA on layer 6’s query and value projections has 32,768 parameters and gives 41.7%,
57.0%, 61.7%, 60.3%, and 60.7% EM. Residual-stream LoRA minus projection LoRA differences are 6.0 [1.7, 10.7], 2.3
[−2.0, 6.7], −1.7 [−5.7, 2.0], 0.0 [−4.0, 4.0], and −5.3 [−9.7, −1.0]. Thus projection LoRA gains 5.7 points at two loops
and 11.7–17.3 from three onward.

Applied in every loop at layer 20, the LoRA changes EM by −5.0 [−9.3, −0.7], 5.3, 7.0, 4.7, and 4.7 points over the same
loop counts. Layer 6 exceeds it by 16.7, 8.7, 4.7, 8.7, and 7.3, with every interval above zero. Applied in the last loop only,
the layer-6 LoRA adds 6.3 points at two, four, and six loops, with intervals above zero; the layer-20 LoRA adds 2.0, −1.3,
and −1.3, with intervals around zero. Projection LoRA at layer 20 gains −5.3, 6.3, 9.0, 8.0, and 6.0. Layer-6 projection
LoRA exceeds it by 11.0 [6.3, 15.7], 5.3, 4.3, 5.3, and 11.3 [6.0, 16.7].

At four loops, matched application schedules separate the placement comparison: applying the LoRA in every loop gives
60.0% EM at layer 6 and 55.3% at layer 20, compared with 48.3% frozen. The gains are 11.7 [6.0, 17.3] and 7.0 [1.0, 13.0].
Applying it only in the last loop gives 54.7% at layer 6, a gain of 6.3 [1.0, 11.7], and 47.0% at layer 20, a change of −1.3
[−6.3, 3.7]. An every-loop layer-20 LoRA precedes later loops’ middle layers; a last-loop layer-20 LoRA does not.

A 16-token soft prompt (32,768 parameters) gains −2.0, 9.3, 6.0, 5.3, and 4.3 points, leaving LoRA-minus-prompt
differences 13.7, 4.7, 5.7, 8.0, and 7.7. A layer-6 steering vector (2,049 parameters) gains 3.3, 9.7, 12.0, 7.7, and 9.3;
LoRA-minus-vector differences are 8.3 [4.0, 12.7], 4.3, −0.3, 5.7 [0.3, 10.7], and 2.7.

H. When the relay appears during learning
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Figure 16. Targeted head cuts and pretraining checkpoints support a relay in the existing weights. (a) Qwen3-8B choice accuracy on
interleaved programs after removing parent-reading or longer-reading heads, compared with matched-layer random cuts. (b) Reach with
identically trained LoRAs at OLMo-3-7B pretraining checkpoints. (c) Change in a base-trained LoRA’s reach in post-trained descendants
against relative weight distance to the reference checkpoint.

OLMo-3-7B checkpoints at stage-1 steps 5,000, 20,000, and 80,000 correspond to about 21, 84, and 336 billion tokens, at
about 4.2 million tokens per step. With identical LoRA training at layer 6, exact reach is about 1.5, 10.2, and 23.7; frozen
reach remains below two. The earliest reach depends on near-chance two-line accuracy and the one-line convention. A
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dedicated retrieval evaluation shows that the 21-billion-token model with its LoRA already answers one-line lookups at 99%
but two-line chains at 58.5%. The capacity unlocked between 21 and 84 billion tokens therefore concerns following a link.
Layer-12 LoRAs unlock only 3.3 and 8.2 lines at the two later checkpoints, compared with 21.5 in the final model: useful
placement also changes during pretraining.

A base-trained LoRA can be transferred unchanged to post-trained descendants. We measure their weight distance on query
and MLP down projections at one quarter, one half, and three quarters of depth:

δ =

(︄∑︁
j∥Wj −W

(0)
j ∥2F∑︁

j∥W
(0)
j ∥2F

)︄1/2

, (6)

using the nearest candidate reference, either the family’s base model or an official post-trained checkpoint. Descendants
close in this distance retain the base LoRA’s reach; larger changes can reduce it substantially (Figure 16c). The fixed
base LoRA and answer format remain confounds, so this comparison does not identify a causal effect of the post-training
objective.

I. A relay learned from scratch
I.1. Training setup

The models are pre-norm transformers with rotary positions, width 256, and eight heads. A shared two-layer body is
repeated L/2 times for L ∈ {4, 6, 8, 12, 16}. Programs use 64 single-token names, 32 values, two or three chains, level or
interleaved order, and one supervised query per chain. AdamW runs 30,000 steps at batch size 256, with learning rate 10−3,
500 warm-up steps, cosine decay, and weight decay 0.01. The maximum chain length starts at one and grows by one when
average training accuracy over the preceding 100 steps exceeds 0.9, up to eight or sixteen. The measurements match those
used for pretrained models.

I.2. Progress and ancestor names

Across 165 layer steps from 24 models, the relay advances by exactly its attention distance in 108 steps, by more in 8, and
by less in 49. The middle two-layer steps of Ouro’s longer-trained LoRA follow the same relation. A twelve-layer model
that never attends beyond the parent advances exactly one line per layer for seven layers.

The illustrated eight-layer model attends strongly to the parent in layers 1–6 (attention difference 0.89–1.00) and farther
in some layers: two lines earlier at layer 4 (0.98), five at layer 5 (0.74), and six at layer 6 (0.55). Ancestor names arrive
gradually: two lines earlier at layer 3 with decoding accuracy 0.50 (chance 0.016), three at layer 4 with 0.27, four and five at
layer 5, and six at layer 6. Each layer adds one or two earlier names rather than doubling the set.

Removing parent attention only at layer 3 lowers three-line-name decoding at layer 4 from 0.27 to 0.04; it arrives a layer
later at 0.23. Five- and six-line names remain at 0.02–0.10 through the remaining layers, versus 0.16–0.24 unblocked. A
layer-2 cut delays the two- and three-line names by one to two layers. Conversely, removing attention beyond the parent at
layers 5 and 6 leaves name decoding unchanged (five-line name 0.24, six-line name 0.15), while removing it throughout the
network reduces sixteen-line accuracy to 0.53. In this model, parent attention brings names to a line, and longer reads use
those names to find its chain.

I.3. Depth changes how far attention must reach

Among models that learn eight-line training chains, four- to eight-layer models attend two or three lines earlier, twelve-layer
models attend only one, and a sixteen-layer model attends two. Cutting attention beyond the parent costs 0.03–0.49 accuracy
on six-line chains in models using longer reads and nothing in the twelve-layer models. Six of ten models learn the
sixteen-line curriculum: both seeds at eight and sixteen layers, one at six, and one at twelve. At the same depth they attend
farther than on the shorter curriculum: five lines at six layers, four to seven at eight and twelve, and two or three at sixteen.
Every model that learns this curriculum loses about half its twelve-line accuracy without longer reads (0.47–0.55). Names
three or more lines earlier are decodable only in models making such reads.

Three-chain models show both ways of identifying membership. The illustrated eight-layer model and a twelve-layer model
trained to sixteen lines relay along their own chain: hiding its earlier assignments lowers reach to about eight and twelve,
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Figure 17. Small trained transformers learn the same relation between attention and relay progress. (a) An eight-layer model with a
two-layer body applied four times, trained up to sixteen-line chains: readable-line progress at layer inputs and attention distance across
each layer. (b) Relay gain versus attention distance across trained models and the two-layer middle steps of Ouro’s longer-trained LoRA;
bars use attention thresholds 0.1 and 0.05. Integer-valued points overlap: 108 of 165 trained-model steps match, 8 exceed, and 49 fall
below the attention distance. (c) Ancestor-name decoding with and without a parent cut at layer 3. (d–f) Models trained up to eight or
sixteen lines, two seeds: curriculum length, attention distance, and accuracy lost by cutting reads beyond the parent. Hollow markers
indicate models whose evaluated reach falls short of training length; these are omitted from (f).

while hiding other chains changes little. A six-layer model instead uses the other chains’ assignments; hiding them makes
answers systematically wrong, with 0.13–0.18 accuracy on six- and eight-line chains against chance 0.33.

J. Complete looped reach estimates
Tables 11–13 report reach estimates and 95% parametric-bootstrap intervals. Each accuracy cell is resampled from a
binomial with its evaluation sample size in 2,000 draws: ordinarily 150 programs, 100 for longer-trained LoRAs or chains
longer than 24, and 60 for Huginn and the longer-trained LoRA’s 128- and 160-line cells. A lower-bound sign means every
tested length was answered; < means the shortest tested length was not. Bootstrap reach estimates are capped at the longest
tested length. Thus a censored entry such as ≥ 24.0 [24.0, 24.0] means both interval endpoints reach the evaluation ceiling,
not that the uncensored reach is known without uncertainty. For Ouro, one-line chains count as answered when the shortest
tested length is one or two, and LoRAs enter layer 6 unless stated. Its standard LoRAs train on at most twenty lines with
single-letter names; evaluations above 26 lines introduce unseen two-letter names. Longer-trained LoRAs train to forty lines
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with both kinds of name. The mixed-chain longer-trained LoRA trains on two to four chains and is evaluated separately at
chance levels one half, one third, and one quarter.

Table 11. Ouro reach over the first four loops. Lines at 80% choice accuracy, with 95% parametric-bootstrap intervals; the same trained
LoRAs continue in Table 12.

Ouro-1.4B T = 1 T = 2 T = 3 T = 4

Ouro-1.4B frozen 0.0 [0.0, 0.0] 1.9 [1.7, 2.1] 2.3 [1.9, 2.6] 2.5 [2.3, 2.8]
steering vector – 2.9 [2.7, 3.2] 6.1 [5.6, 6.5] 7.1 [6.8, 7.7]
LoRA, every loop (seed 0) 1.9 [1.7, 2.2] 7.1 [6.7, 7.7] 17.0 [16.2, 17.5] 26.7 [26.1, 27.6]
LoRA, every loop (seed 1) 1.8 [1.6, 2.1] 7.3 [7.0, 7.8] 20.0 [18.5, 21.1] ≥24.0 [24.0, 24.0]
LoRA, every loop (seed 2) 2.3 [2.1, 2.5] 7.0 [6.8, 7.4] 17.9 [17.2, 18.8] ≥24.0 [24.0, 24.0]
LoRA, first loop only – 9.5 [8.9, 10.1] 21.5 [20.0, 23.2] 26.3 [25.3, 27.4]
LoRA at layer 10 1.9 [1.7, 2.1] 6.2 [5.6, 6.6] 17.2 [16.1, 18.3] ≥24.0 [24.0, 24.0]
LoRA trained with one loop 12.5 [11.5, 13.2] 2.2 [1.7, 4.6] 0.0 [0.0, 4.6] 3.6 [0.0, 4.3]
LoRA trained with two loops 4.4 [4.1, 4.7] 25.1 [23.6, 26.1] 26.9 [26.3, 27.7] 25.5 [24.6, 26.2]
longer-trained LoRA (up to 40 lines) – 7.4 [6.4, 9.3] 24.6 [22.4, 26.6] 60.0 [56.0, 66.5]
longer-trained LoRA, second seed – <8 19.9 [18.5, 21.8] 52.1 [48.0, 55.3]
longer-trained LoRA, 2-4 chains: two chains – 10.5 [9.4, 11.5] 31.4 [28.4, 34.7] ≥64.0 [64.0, 64.0]

three chains – 8.4 [8.0, 9.3] 28.4 [27.2, 30.3] ≥64.0 [58.0, 64.0]
four chains – 8.3 [8.0, 9.2] 24.2 [21.3, 25.3] 36.6 [30.4, 44.8]

Table 12. Ouro reach with additional inference loops. Same estimates and conventions as Table 11.

Ouro-1.4B T = 6 T = 8 T = 12

Ouro-1.4B frozen 2.3 [2.1, 2.5] 2.2 [1.9, 2.4] –
steering vector 6.8 [5.9, 7.6] 6.3 [5.6, 6.9] –
LoRA, every loop (seed 0) 37.4 [36.1, 39.2] 40.9 [39.1, 43.9] –
LoRA, every loop (seed 1) ≥24.0 [24.0, 24.0] ≥24.0 [24.0, 24.0] –
LoRA, every loop (seed 2) ≥24.0 [23.0, 24.0] ≥24.0 [24.0, 24.0] –
LoRA, first loop only 24.5 [23.0, 25.7] 24.0 [19.5, 25.7] –
LoRA at layer 10 ≥24.0 [24.0, 24.0] 21.5 [15.1, 24.0] –
LoRA trained with one loop – – –
LoRA trained with two loops 23.8 [22.4, 25.5] 21.6 [15.7, 23.4] –
longer-trained LoRA (up to 40 lines) 145.5 [132.9, 160.0] ≥160.0 [156.0, 160.0] 20.0 [7.0, 24.0]
longer-trained LoRA, second seed ≥96.0 [96.0, 96.0] ≥96.0 [96.0, 96.0] –
longer-trained LoRA, 2-4 chains: two chains ≥64.0 [64.0, 64.0] ≥64.0 [64.0, 64.0] –

three chains ≥64.0 [46.5, 64.0] ≥64.0 [46.0, 64.0] –
four chains 41.3 [32.0, 52.4] 41.3 [32.0, 51.2] –

Table 13. Huginn reach by recurrence count. The standard LoRA trains up to twelve lines and the longer-trained LoRA up to 24;
intervals and censoring follow Table 11.

Huginn-0125 r = 2 r = 4 r = 8

Huginn-0125 frozen 0.0 [0.0, 0.0] 0.0 [0.0, 0.0] 1.6 [1.4, 2.0]
LoRA (up to 12 lines) 0.0 [0.0, 0.0] 3.4 [2.7, 4.3] 16.8 [15.6, 17.6]
longer-trained LoRA (up to 24 lines) <2 4.6 [3.6, 5.4] 30.5 [27.8, 34.8]

Huginn-0125 r = 16 r = 32 r = 64

Huginn-0125 frozen 1.4 [0.0, 2.0] 1.5 [1.1, 2.0] –
LoRA (up to 12 lines) ≥24.0 [24.0, 24.0] ≥24.0 [23.1, 24.0] –
longer-trained LoRA (up to 24 lines) 57.6 [37.3, 64.0] 30.0 [15.1, 41.6] 12.6 [10.3, 16.0]
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K. Further connections to prior work
Reference chains and entity tracking. Variable assignments connect this task to entity tracking (Kim & Schuster, 2023)
and the variable-tracking task in RULER (Hsieh et al., 2024). Tracking entities across state changes (Tang et al., 2026) and
retrieval-conditioned rebinding (Oh & Demberg, 2026) address related questions about how representations preserve and
update references. Mechanistic studies of symbolic multi-step reasoning (Brinkmann et al., 2024) and variable binding (Wu
et al., 2025) provide close precedents. Our distinctive question is how a task-trained edit changes reference following in
otherwise frozen pretrained weights. We measure the resulting program relay, follow it through repeated loops, and test
where an intervention can initiate it. The from-scratch models test whether the same relation between attention and relay
progress holds in a controlled setting.

Recurrent algorithms. Looped transformers can emulate deeper networks and parallel algorithms such as pointer doubling
(Sanford et al., 2024; Saunshi et al., 2025); shallow transformers also learn logarithmic-depth shortcuts for automata (Liu
et al., 2023). Recurrent networks can solve harder instances with more iterations until overthinking sets in (Schwarzschild
et al., 2021; Bansal et al., 2022). Studies of pretrained looped models find repeated processing stages (Blayney et al., 2026),
a workspace rebuilt each loop (Wang & Reid, 2026), and a preference for serial algorithms under weight tying (Zhang et al.,
2026a). These are distinct from demonstrations of hop extrapolation on parametric tasks (Kohli et al., 2026) or of one hop
per loop installed through per-loop supervision (Shapiro, 2026). Growing and looping offer different forms of iterative
computation (Kapl et al., 2026). Here, the critical distinction is between the short default computation on in-context chains
and the longer relay accessible through a small intervention.

Efficient adaptation and added computation. Small intrinsic dimensions (Aghajanyan et al., 2021) and circuit reuse
during fine-tuning (Prakash et al., 2024) motivate studying how little must change. Localized representation fine-tuning also
studies where to adapt a model (Yin et al., 2024). Alongside LoRA and FLAS interventions, steering vectors add a fixed
direction (Turner et al., 2023; Rimsky et al., 2024; Zou et al., 2023), while prompt tuning learns input representations (Lester
et al., 2021). Filler tokens and continuous thoughts provide additional computation without written reasoning (Pfau et al.,
2024; Hao et al., 2025). Single-layer reinforcement learning at 39–47% of depth can recover full-training gains (Zhang
et al., 2026b). Our comparisons use intervention form as a control: the focus is where the remaining frozen layers can carry
the chain.

L. Reproducibility
The experiments use synthetic prompts, public models, and public datasets. The project page (https://lunamos.github.io/
stop-thinking-too-early/) links to the code: the experiment scripts, the analysis scripts that compute every table and figure
from the experiments’ outputs, and a guide from each claim to the script and command behind it.
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