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Abstract

Language models can ignore prompt evi-
dence when it conflicts with memorized knowl-
edge. Post-training can make models follow
such evidence more reliably, but it is unclear
whether these gains require new machinery or
strengthen machinery already present. We com-
pare nine post-training arms spanning GRPO,
SFT, and DPO from one starting checkpoint,
with key comparisons extended across scales
and families. We estimate a grounding di-
rection from that checkpoint before training.
Across five tested GRPO variants, grounding
gains are small. For the two variants repli-
cated across seeds, equivalence tests bound
their effects below the conflict-SFT gain even
as the rewarded metric improves. Conflict-SFT
improves grounding moderately, while DPO
drives grounding near ceiling on its matched
distribution. Conflict-SFT and DPO largely
use the same causal attention-head set as the
starting model. Subtracting the starting-model
direction suppresses both gains, while adding
it to the starting model recovers 35% of DPO’s
gain at a dose passing all stated side-effect
checks. After a supervised warm start makes
the context answer appear in more rollouts, the
same GRPO recipe adds essentially no further
grounding gain. In our setting, grounding gains
largely depend on machinery already present
in the starting model.

1 Introduction

Language models can ignore evidence in the
prompt when it conflicts with memorized knowl-
edge (Longpre et al., 2021; Ming et al., 2025).
We study this failure as context grounding un-
der knowledge conflict, where prompt evidence
contradicts the model’s parametric memory. Does
the model follow the supplied evidence or its mem-
orized answer? Post-training can improve context
grounding (Li et al., 2023; Bi et al., 2025), but it
is less clear what changes inside the model. When
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training improves grounding, does it build new in-
ternal machinery or strengthen machinery already
present in the starting model?

Prior work shows that the latter can occur. Fine-
tuning can preserve and strengthen existing mech-
anisms (Prakash et al., 2024), and the choice be-
tween context and memory can be controlled by a
low-dimensional direction that also works in mod-
els without task-specific fine-tuning (Minder et al.,
2025). DPO can likewise change behaviour while
leaving pre-existing capabilities recoverable (Lee
et al., 2024). This leaves a more specific question.
When several post-training recipes start from the
same model, do their gains depend on machinery
that can already be identified before training?

At Qwen2.5-1.5B, we train nine arms, including
five GRPO variants, three SFT variants, and DPO.
We extend key comparisons to larger Qwen models
and to Llama and Phi. These are complete training
recipes, so objective, data, and budget can vary
together. Our comparisons therefore concern the
tested recipes rather than the optimization objective
alone. Before training, we estimate a grounding
direction from the starting model. We combine
this with causal attention-head analysis to test what
later training changes.

Findings. (1) The training recipes differ
sharply in grounding gains (§4). Across five
tested GRPO variants, grounding gains are small.
For the two seed-replicated variants, equiva-
lence tests bound their effects below the conflict-
SFT gain, even though the rewarded metric im-
proves. Conflict-SFT improves grounding mod-
erately (4.044 over its matched control), while
DPO drives grounding near ceiling on its matched
distribution (4.36—+.60 on ConFiQA across five
models in three families).

(2) The gains that do appear largely de-
pend on machinery already present in the start-
ing model (§5). Across the audited arms, in-
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Illustrative knowledge conflict

Context: "The Eiffel Tower is in Rome."
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(before any arm is trained)
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Question: "Where is the Eiffel Tower?"
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The direction exists before our training; methods differ in how far they move along it.
Numerical labels are Qwen2.5-1.5B CounterFact four-seed mean changes versus starting model; horizontal positions are schematic, not measured activation projections.
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Figure 1: Post-training methods differ in grounding gains, while a grounding direction can already be
identified in the starting model. The direction is estimated from the starting model alone before any arm is trained.
Adding it increases grounding in the starting model, while subtracting it suppresses conflict-SFT and DPO gains.
Prompt formats are in Appendix D, the steering recovery with its dose and side-effect checks is in §8, and the other

main effects are in §4-§5 and Appendix Figure 5.

dependently discovered causal head sets largely
recover the starting model’s top heads (7-8/8 at
1.5B), while a matched recall task shares 0/8 and
cross-task ablations are strongly asymmetric. The
grounding direction estimated from the starting
model remains closely aligned with directions in
the trained models. Subtracting it suppresses the
conflict-SFT and DPO gains, while adding it to the
starting model recovers 35% of DPO’s gain at a
dose that passes all stated side-effect checks.

(3) The grounding direction remains stable as
the behaviour improves (§6, §7). During DPO
training, grounding reaches about 90% of its final
level by step 160 of 800 while the grounding direc-
tion remains closely aligned with its starting orien-
tation (cosine > .968). We also test a simple ex-
planation for the GRPO result. A supervised warm
start makes the context answer appear in more roll-
outs, but the same GRPO recipe then adds essen-
tially no further grounding gain (4-.001, p=.91).

Together, these results support a scoped
mechanism-reuse account of context-grounding
post-training. We do not claim novelty for mech-
anism reuse or for the context-versus-memory di-
rection. Our contribution is to compare multiple
post-training recipe families on the same grounding
behaviour, estimate the grounding direction in the
common starting model before training, and then
test reuse causally through independent head local-
ization and interventions that increase grounding in
the starting model and suppress later conflict-SFT
and DPO gains. Throughout, “pre-existing” means
present in the instruction-tuned starting checkpoint,
not necessarily in the raw pretrained model.

2 Related Work

Context grounding and post-training. Lan-
guage models often rely on parametric knowledge
even when the prompt provides conflicting evi-
dence (Longpre et al., 2021; Ming et al., 2025).
Prior work has localized mechanisms involved in
this choice (Ortu et al., 2024; Minder et al., 2025;
Jin et al., 2024) and improved context use through
prompting, decoding, steering, and fine-tuning
(Zhou et al., 2023; Shi et al., 2024; Anand et al.,
2026; Li et al., 2023; Bi et al., 2025). Recent work
also tracks how context sensitivity changes through
SFT, DPO, and RLVR (Wangsajaya et al., 2026).
More broadly, recent work asks how RL gains re-
late to capabilities or representations available be-
fore RL (Yue et al., 2025; Liu et al., 2025a; Wu
et al., 2026a; Gupta et al., 2025). RL can improve
grounding when the reward directly targets evi-
dence use. Chen et al. (2026) add a verifiable con-
text reward to outcome-based RLVR, while Tamo
et al. (2026) train GRPO with an explicit evidence-
grounding reward. Our GRPO result is therefore
specific to the tested GRPO recipes and starting
policy, not a claim that RL cannot improve ground-
ing. Together, this work shows that context use
can be localized, manipulated, and trained. A re-
maining question is whether different post-training
recipes starting from the same checkpoint obtain
their grounding gains through shared machinery
that can already be identified before training.

Mechanism reuse under post-training. Several
studies show that post-training can reuse structure
already present in the starting model. Prakash



et al. (2024) find that entity-tracking improvements
largely preserve the original circuit, while Lee et al.
(2024) find that DPO reduces toxicity by bypass-
ing rather than removing pre-existing capabilities.
A context-versus-memory direction identified af-
ter task fine-tuning also controls non-fine-tuned
models (Minder et al., 2025). Base-model repre-
sentations can also be repurposed by reasoning
fine-tuning (Ward et al., 2025) or recruited as a per-
sona subspace identified before fine-tuning (Nadaf,
2026). Recent studies report both preservation
and substantial representational change across post-
training settings (Bigoulaeva et al., 2026; Shi et al.,
2026; Gupta et al., 2026). Our study combines
these questions for context grounding. We com-
pare GRPO, SFT, and DPO from a common start-
ing checkpoint and estimate the grounding direc-
tion before any of them are trained. We test reuse
causally through independent head localization and
by using the same starting-model direction to both
increase grounding in the starting model and sup-
press conflict-SFT and DPO gains after training.

Activation steering.  Activation steering provides
a direct way to test whether a representation has
causal control over behaviour (Rimsky et al., 2024;
Turner et al., 2024; Arditi et al., 2024; Zou et al.,
2025). Steering can also be unreliable or non-
specific (Tan et al., 2024; Pres et al., 2024; Syed,
2026). We therefore compare against matched-
norm random directions, report per-input helped
and hurt fractions, and check KL and general ca-
pabilities. We use steering as a causal test of the
pre-existing grounding direction, not as a replace-
ment for post-training.

3 Setup

Base models:
Llama-3.2-3B-

>

Models and training arms.
Qwen2.5-1.5B/3B/7B-Instruct,

Instruct, Phi-3.5-mini-Instruct. Throughout, “base’
means this instruction-tuned starting checkpoint.
Pre-existence claims are relative to it, not to raw
pretraining (Limitations). The arms compare
complete training recipes as practitioners deploy
them, so objective, data, and budget vary together
by design. At 1.5B we train nine arms (Table 1).
Five are GRPO variants (Shao et al., 2024): A
(answer token-F1 reward), A’ (same reward,
evidence-emphasizing prompt), B (adds a citation
set-F1 reward), C (adds a contrastive context-utility
reward, log p(ans | ¢,ctx) — logp(ans | ¢)), and
D (the reward is the in-context counterfactual

answer). Three are SFT arms: EO0 (no-conflict
control), E2 (KAFT-style mixture, Li et al., 2023),
and E3 (78% conflict, 22% standard). The ninth
is DPO (Rafailov et al., 2023) on ConFiQA
preference pairs. GRPO uses 200 steps, Ir 3 - 1076,
KL 8=.02, and group size 8 (TRL). SFT uses 2
epochs over the same 1,500-example pool GRPO
samples from. DPO uses 5=.5, 3 epochs, and
4,500 pairs. A, A’, E2, E0, E3, and DPO are
replicated over 4 seeds at 1.5B. A, EO, E3, and
DPO are additionally trained at 3B (4 seeds each)
and at Llama-3.2-3B (single seed), and DPO at 7B
and Phi-3.5-mini (single seed). GRPO arms train
on clean QA (HotpotQA, Yang et al., 2018) except
D, which trains on conflict data with the context
answer as its reward. For all variants except D, the
reward does not directly target grounding. This
lets us test whether optimizing related task rewards
also improves grounding.

Evaluation. The CounterFact conflict protocol
(Meng et al., 2022) uses a two-pass design. Pass
1 (closed book) finds items the model answers
correctly from memory. This frozen known set
(n=1089 at 1.5B, per-model at other scales) is com-
puted once from the base model and reused for
every arm, so all comparisons are paired on identi-
cal items. Pass 2 presents a counterfactual context,
and we record whether the generation contains the
context answer (follow-ctx) or the memorized an-
swer (follow-mem). The headline metric is the up-
date rate = follow-ctx /(follow-ctx+follow-mem).
ConFiQA (Bi et al., 2025) and FaithEval (Ming
et al., 2025) provide replications that differ in dis-
tribution and format (free-form and MCQA). Their
known sets are computed per model, so paired
tests there use items known in both models, with
n reported per test. Statistics: exact two-sided
McNemar on paired items. Seed-level ClIs use
t(.975,n—1) with n=4. Equivalence is tested via
two one-sided tests (TOST) using 4-.044, the ob-
served conflict-SFT gain over its matched control,
as the equivalence margin. Single-seed p-values in
tables are descriptive. Seed-level Cls are reported
for the replicated comparisons, and the single-seed
extensions are identified above.

Metric integrity under intervention. We flag
one measurement issue. Under an activation inter-
vention, both the known-set gate and the “decisive”
subset can change with the intervention, so ratio
metrics conditioned on them can be distorted. In
our audit, this bias changed one effect estimate by



a factor of four. For every steered or projected
run we therefore report the exclusive follow-ctx
rate over the frozen no-intervention known set
(denominator fixed before the intervention exists),
with the non-decisive fraction reported separately.
Appendix A details the failure mode.

Direction estimation. For the main 1.5B audit,
the direction is a difference-in-means (DiM): mean
last-position residual on follow-ctx items minus
follow-mem items, computed on the base model
at layer 21 of 28. Selection protocol: at 1.5B the
layer is the probe-selectivity optimum (§5), and
every intervention at it is validated against matched
randoms. At 3B the locus was located by a full
layer sweep against matched randoms, with an
even/odd item split used to check for overfitting
to the evaluation items. Steering adds ad at the last
position during generation, removal uses o < 0,
and « is norm-calibrated across families (Llama-
3.2-3B mean ||h||=26.7 vs. Qwen 103.7). All in-
terventions are compared against matched-norm
random directions, following the specificity con-
trols of Syed (2026).

4 A Three-Way Behavioural Dissociation

Comparing nine training recipes from one starting
checkpoint, grounding gains differ sharply. The
tested GRPO recipes yield small gains, conflict-
SFT yields moderate gains, and DPO yields
the largest gain on CounterFact and near-ceiling
grounding on its matched ConFiQA distribution
(Tables 1-2).

GRPO yields small grounding gains while im-
proving its rewarded metric. No GRPO vari-
ant moves grounding robustly (Table 1). Holm-
corrected within the five-variant family, only A’
retains nominal significance (p=.035, with C at
p=.11, not seed-replicated), and the two seeded
GRPO variants shrink under replication, with both
4-seed CIs including zero. For A and A’, equiv-
alence tests support effects within 4.044, the ob-
served conflict-SFT gain over its matched control
(A p=.0001, A’ p=.0197). We therefore claim a
bound rather than a zero effect for these seeded vari-
ants. The single-seed B, C, and D point estimates
are all below +.02.

The small grounding gains do not reflect a fail-
ure of training. The same answer-F1 runs raise
HotpotQA F1 by +.120 at 1.5B (.442—.563) and
+.104 at 3B (.566—.670), so training improves the

Arm  Objective Rate A p
base — .558 — —
A GRPO, answer F1 569  +.011 .62
A’ GRPO, evid. prompt  .595 +.036 .007
B GRPO, +-citation 563 +.004 .63
C GRPO, +ctx-utility 577 +.018 .027
D GRPO on conflict 566 +.008 .19
EO SFT control 583 +.025 .09
E2 SFT, KAFT mix 602 +.044 .003
E3 SFT, conflict 620  +.062 1.2e—7
DPO  pref. pairs 646 4.087 1.0e—13

4-seed mean A [95% t-C1]:
A +.006 [—.000, +.012]
A’ +.017 [—.008, +.041]
E2 +.047 [+.041, +.054]
DPO +.092 [+.084, +.099]

Table 1: GRPO grounding gains are small, while SFT
and DPO improve grounding more strongly. Coun-
terFact update rate on the frozen known set (n=1089,
paired exact McNemar vs. base). For GRPO A and A’,
the 4-seed Cls include zero.

metric it directly rewards. The same pattern ap-
pears at Qwen-3B (4-seed mean A= — .002, CI
[—.008, 4-.004]) and in a single Llama-3.2-3B run
(.596—.598, p=.47, with F1 4.081). The largest
variant effect (A’, prompt-format) averages +.017,
is seed-variable, and does not transfer cross-dataset
(ConFiQA .590 and FaithEval .689, both ~ base).
This is consistent with template-specific elicitation
(Liu et al., 2025b; Shao et al., 2026; Yue et al.,
2025) rather than a robust grounding improvement.

The claim is limited to on-policy GRPO from a
base policy with low context-answer rollout cov-
erage on its training distribution. Methods that
use synthetic data and tailored grounding rewards
(Si et al., 2026) fall outside this setting. Moham-
madi et al. (2025) report GRPO beating DPO for
CoT faithfulness at 14B, a different behaviour at a
scale where the authors note small-model instabil-
ity, while our range is 1.5-7B.

SFT improves grounding moderately, DPO
nearly to ceiling on matched data. Conflict-
SFT (E3) adds +.062 over base (4-seed mean
+.063) and +.044 [+.034, 4-.055] over its matched
no-conflict control, paired by seed. The
KAFT mixture (E2) is similar against base
(4.047 [+.041, +.054]) and transfers best among
the SFT arms to ConFiQA (.904, 47 of 52 decisive
items). DPO produces the largest gains in every
CounterFact and ConFiQA comparison (Table 2),
consistent with the original Context-DPO result (Bi



Model base +DPO A

Qwen2.5-1.5B  .586 .964 +.378
Qwen2.5-3B 362 961 +.599
Qwen2.5-7B 446 .969 +.524
Llama-3.2-3B  .492 .980 +.488
Phi-3.5-mini .586 .942 +.356

Table 2: DPO produces near-ceiling grounding on
all five models across three families. ConFiQA-
QA update rate (DPO’s training distribution), base
vs. DPO. Paired McNemar p < 2.5e—25 everywhere.
Seed ¢-CIs at 1.5B and 3B: +.376 [+.370, 4.382] and
+.596 [+.591, +.600].

Overlap with base top-8

Arm 1.5B (336 heads) 3B (576 heads)
GRPO-A 8/8 8/8
GRPO-A’ 8/8 —
SFT-E2 7/8 —
SFT-EO 7/8 8/8
SFT-E3 7/8 8/8
DPO 7/8 8/8
DPO seeds 1-3 7/8 each —
Recall control 0/8 0/8

Table 3: Audited arms largely recover the starting
model’s top causal heads. Top-8 causal heads are
discovered independently per arm by per-head knockout.
Overlap with the starting model is 7-8/8 in the reported
arms, with hypergeometric p < 7.1e—13 at 1.5B and
< 3.5e—18 at 3B. A matched parametric-recall task run
through the same pipeline shares zero heads.

et al., 2025). The DPO gain also appears across
scales, families, ConFiQA splits (3B: QA +.599,
MR +.471, MC +.535), and on FaithEval (full ta-
ble in Appendix G). HotpotQA F1 is essentially
unchanged at 1.5B (.444 vs. .442), decreases from
.b66 to .536 at 3B, and has its largest reported drop
on Llama (—.095).

5 Evidence for Reuse of Pre-existing
Causal Machinery

These behavioural differences leave open whether
the improving recipes depend on different internal
machinery. Across the mechanisms we measure,
the audited recipes show substantial reuse. The au-
dited SFT and DPO arms largely recover the start-
ing model’s causal head set. For conflict-SFT and
DPO, subtracting a grounding direction estimated
from the starting model suppresses the gains.

Training largely preserves the causal head set.
Per-head knockout over all heads, run indepen-
dently per arm, recovers the base model’s top-8

head set in every swept arm at the scales tested (Ta-
ble 3, where the sweeps cover both seeded GRPO
variants, all three SFT arms, and DPO, while vari-
ants B, C, and D were not swept). Per-seed DPO
discovery gives 7/8 each, and at 7B the base-vs-
DPO overlap is 7/8 of 784. Because head-set over-
lap alone can be high even between unrelated tasks
(Merullo et al., 2024; Li and Subramani, 2026), a
stronger control is cross-task ablation asymme-
try. Removing the conflict heads collapses the
conflict task (mean logit-difference drop 6.76, sign-
flip rate .843) but barely affects a matched recall
task (drop 0.35, flips .008). Recall heads show
the opposite pattern (recall task drop 6.79, conflict
task 1.90). The set also exceeds a 100-random-
8-head-set permutation null on directional signal
(observed drop .638, beyond all 100 draws, null
.141£.108). For DPO, seed-instability of head
importance (Prasanna et al., 2020) is checked by
repeating head discovery across seeds, and identity-
vs-algorithm concerns (Tigges et al., 2024) by the
interventions below, which do not depend on head
identity. In short, the audited arms largely recover
the same small causal head set as the starting model,
while the recall controls show that this overlap is
not generic across the two tasks.

The base-estimated direction remains aligned
across trained arms. The DiM direction esti-
mated on the base remains closely aligned with the
directions estimated from the trained models. Its
cosine to four trained arms’ own directions spans
.915-.984 at 1.5B, and stays between .942 and .987
at 3B, 7B, and Llama. DPO-seed directions are
equally aligned (.950—.974). A probe at the same
layer reaches AUROC .818 with Hewitt-Liang se-
lectivity .339 (Hewitt and Liang, 2019). The layer
selected by probe selectivity also supports a causal
intervention.

The starting-model direction lifts the base model
and suppresses SFT and DPO gains. Adding
the base direction to the base model lifts ground-
ing (+.109 over matched random). Subtracting
it from DPO removes most of the measured gain
(—.276), and subtracting it from conflict-SFT re-
moves nearly all of it (—.405). DPO suppression
also appears at 3B (—.162), 7B (—.175), and Llama
(—.196 at L15; Table 4). Qwen-scale intervention
strengths are 75-190% of Llama’s residual norm
and severely damage generation, motivating norm
calibration across families. Non-decisive fractions
rise under suppression (e.g. .41 vs. .27 for DPO-



Target Interv. DiM rand. effect D
base 1.5B  +20lift  .569 460 +.109 2.7e—4
DPO1.5B —50rem. 425 .701 —.276 2.5e—8
E3 1.5B —50rem. 267 .672 —.405 2.2e—16
DPO 3B —50,L22 493 .655 —.162 1.9e—4
base 7B +251ift 434 337 +4.096 3.le—5
DPO 7B —62,L18 .526 .701 —.175 3.5e—6
DPO Llama —13,L15 .595 .792 —.196 2.5e—7
DPO Llama —-13,L21 .780 .798 —.018 375

Table 4: Subtracting the starting-model direction
suppresses trained grounding gains. Injection and
removal use the base-estimated DiM and are compared
with matched-norm random directions (exclusive follow-
ctx rate over frozen known sets, paired McNemar). At
Llama, L15 is effective while L21 is not, showing that
the effective intervention layer can differ across model
families.

1.5B), so suppression also reduces decisiveness,
which we report alongside the effects. The direc-
tion therefore causally affects grounding. At the
selected lift doses, the closed-book pass changes
little (Appendix E), supporting an effect on source
selection rather than a simple loss of parametric
knowledge.

6 Early Gains on a Stable Direction

To test whether the measured grounding direction
changes as DPO improves grounding, we track it
throughout training. It remains closely aligned with
its starting orientation (Figure 2).

ConFiQA grounding reaches .932 by step 160 of
800 (~90% of the final .961, base .577, same 500-
item evaluation), while the DiM direction at each
checkpoint stays aligned with the base direction:
cosine +.980/.970/.972/.971/.968 at steps 160—
800.

Grounding therefore rises rapidly while the mea-
sured direction remains closely aligned with its
starting orientation. This is consistent with an am-
plification or recruitment account (Prakash et al.,
2024): most of the behavioural gain is already
present by 20% of training without a large rota-
tion of the measured direction.

7 Testing a Coverage Explanation

A natural explanation for the small GRPO gains is
limited exploration. If rollouts rarely sample the
context answer, GRPO may receive little useful
signal (Yue et al., 2025). We test this with rollout
statistics and a supervised warm start (Figure 3).
On evaluation items, context-answer coverage

1.0 A o . e

0.8 - 0.93 by step 160

grounding
(ConFiQA)

0.6
base 0.577

0.4 T T T T T
1.0

0.5 A

cos(direction,
base direction)

0.0 T T T T T
0 200 400 600 800

DPO training step

Figure 2: Grounding is largely in place by the first
checkpoint, and the audited direction stays aligned
(cosine > .968). Top: ConFiQA grounding jumps from
base .577 to .932 by DPO step 160 of 800 (matched
500-item evaluation). Bottom: at every checkpoint, the
grounding direction’s cosine to the base model’s own
direction stays above .968 (full 0-1 axis).

0.558
base

0.581
+200 SFT examples

(hit@8 up)

+200 GRPO steps
on top

\10.582
@ +001,p=.91

0.56 0.57 0.58 0.59
CounterFact update rate (zoomed axis)

Figure 3: A supervised warm start does not rescue
the tested GRPO recipe. The warm start raises context-
answer hit@8 and grounding (+.023, p=.012), but the
advantage-collapsed fraction remains near .62. Running
the identical GRPO recipe on top adds +.001 (p=.91).
Dot position encodes the update rate on a zoomed axis.

is already high: hit@8 = .978, with only 6.0%
of items advantage-collapsed. On the training dis-
tribution, however, 61.3% of items are advantage-
collapsed. A 200-example SFT warm start raises
hit@8 from .380 to .453 and grounding by +.023
(p=.012), while the advantage-collapsed fraction
remains at about .62. Running the identical GRPO
recipe from this warm start then adds only +-.001
(p=.91).

The warm start therefore improves one measure
of context-answer coverage but does not remove
the lack of within-group reward variation. It is
not sufficient to make the tested GRPO recipe im-
prove grounding. This experiment does not rule
out stronger coverage interventions.
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Figure 4: Steering along the base-estimated direction
increases grounding. Matched random directions do
not. Steering the base model along the base-estimated
direction raises follow-ctx steadily up to a=30, recov-
ering 40.0% of the gain DPO achieves on the identical
items (35.0% at the largest tested dose that passes all
stated side-effect checks). Matched-norm random direc-
tions stay flat.

8 Steering as Causal Validation, With
Limits

If training amplifies a pre-existing direction, steer-
ing along that direction should reproduce part of
the trained behaviour. It does, within limits (Fig-
ure 4). All values below are exclusive follow-ctx
on the frozen base known set (n=137). The re-
sponse rises steadily with dose up to «=30 (.467 at
a=0 to .584, matched randoms flat at .453), then
declines mildly at =40 (.562).

Defining recovery as (Mggeer — Mbase )/ (MpPO —
Mpase) ON identical items, steering recovers 40.0%
of DPO’s gain with zero training. Related work
also reports partial recovery of post-training gains
through steering (Venhoff et al., 2026), and since
a ratio depends on both of its endpoints we also
report the three absolute rates: .584, .467, .759.
Per-input reporting (Tan et al., 2024) shows that
at a=20 steering helps 10.2% of items and hurts
0.0% (at =25, 11.7% and 1.5%, matched ran-
dom 1.5% and 2.9%). KL at the intervened posi-
tion is .076 at =20, below the .1 threshold used
by Arditi et al. (2024), and the MMLU and ARC
checks move within about one standard error (full
dose sweep and capability numbers in Appendix E).
At the 40.0%-recovery dose («=30) the KL is .170,
over that threshold, so the largest tested dose pass-
ing all stated side-effect checks is =20, which
recovers 35.0%. Within AxBench’s steering-vs-
prompting-vs-fine-tuning frame (Wu et al., 2025),

steering and context-faithful prompting (Zhou et al.,
2023) are close (.569 vs. .555). Adding steering
on top of the prompt is not significant (.555—.606,
p=.118), and DPO remains far stronger (.759 on
the same items). Steering stacked on prompting
was already shown by Rimsky et al. (2024), we
make no additivity claim, and this section vali-
dates the pre-existing-direction account rather than
proposing to replace training.

9 Metric Validation

We assess our lexical-containment metric against
an LLM judge (Qwen2.5-14B) on 400 items cover-
ing base and DPO outputs, two datasets, and four
intervention conditions (final iteration: £=.507).
Agreement is higher on training-arm than interven-
tion outputs (final-iteration means .73 vs. .58), be-
cause intervention generations often mention an
answer without committing to it (Appendix B).
As a metric-artifact check (Schaeffer et al., 2023),
the base-to-DPO contrast reproduces under judge
labels, with follow-ctx rising from .45 to .61 on
CounterFact and from .46 to .70 on ConFiQA.

10 Conclusion

Across nine arms (six audited mechanistically),
three model families, and three datasets, the
grounding gains we measure largely depend on
machinery already present in the instruction-tuned
starting model. The tested GRPO recipes yield
small grounding gains, conflict-SFT improves
grounding moderately, and DPO produces the
largest gains, reaching near-ceiling grounding on
its matched distribution. For conflict-SFT and
DPO, subtracting the starting-model grounding
direction suppresses the gains, while the audited
models largely recover the starting model’s causal
head set. In our setting, these results support a
mechanism-reuse account of context-grounding
post-training and show that useful parts of this
machinery can be identified before training.

Limitations

e Measurement. Our metric is lexical containment.
It agrees only moderately with an LLM judge
(k=.507), and 100 blind hand-labels from one
author favour the judge (Appendix B), so we
rely on contrasts rather than absolute rates, and
the SFT and GRPO contrasts rest on the lexical
metric alone.



e Scope. Mechanistic audits cover the six arms
in §5 (B, C, D behavioural only), interventions
are single-seed, we claim causal head sets rather
than complete circuits, with the standard caveats
on circuit completeness and interpretability illu-
sions (Wang et al., 2023; Mueller et al., 2025;
Makelov et al., 2024; Wu et al., 2026b), and
experiments extend to 7B and one behaviour
domain.

e Claims. “Pre-existing” means present in the
instruction-tuned starting checkpoint, the arms
compare complete recipes in which objective,
data, and budget vary together, and stability of
one direction and one head set cannot rule out
new computation on axes we did not measure.

e GRPO bound. It covers on-policy full-model
training with our reward family from a base pol-
icy with low context-answer rollout coverage in
training. Synthetic-coverage (Si et al., 2026) and
frozen-backbone gate-module recipes (Li et al.,
2026) fall outside it.

Ethics Statement

We study how training methods change evidence-
following in open-weight models (Qwen, Llama,
Phi) on public datasets (CounterFact, ConFiQA,
FaithEval, HotpotQA). No human subjects or per-
sonal data are involved. Steering directions that
raise or suppress context-following are dual-use in
the narrow sense that suppression degrades faith-
fulness. The effect requires white-box access, is
well within what fine-tuning already enables, and
our results support auditing deployed models.
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A The Intervention-Conditioned
Denominator

Under a steering hook, a two-pass conflict protocol
has two hidden dependencies on the intervention:
(i) if the closed-book pass runs under the hook,
the known set itself becomes a-dependent, and
(i1) even with the known gate frozen, update rate
= fc/(fc+fm) conditions on the item being deci-
sive, and the non-decisive fraction is intervention-
dependent (e.g. .41 under DPO-suppression vs. .27
under its matched random). Either dependency
silently shifts the evaluation set toward items the
intervention finds easy. The remedy is to freeze
the denominator before the intervention is applied.
Report the exclusive follow-ctx rate over the frozen
no-intervention known set and the non-decisive
fraction separately. In our own audit, correcting
(i) changed a suppression effect estimate from
—.040 to —.162 and removed a false bump from the
dose-response curve. We recommend the frozen-
denominator report as standard practice for steered
evaluations.

B Judge Validation Details

B.1 Iterations and Disagreement Types

Judge-prompt iterations: naive (k=.627),
commitment-semantics (.517), alias handling
(.541), and untruncated generations (.507, 4-way
agreement .652, 4 parse failures of 400). Dis-
agreements fall into three groups: (a) lexical
BOTH from incidental later mentions of the
second answer (judge typically correct), (b) judge
NEITHER on answer-plus-rambling generations
(judge too strict), and (c) under suppression,
generations that name the context answer without
committing to it (here surface form and answer
commitment genuinely come apart). Per-source
agreement (final iteration): CounterFact arms
.76-.78, ConFiQA base .80, ConFiQA DPO .58,
interventions .44—.66.

B.2 Author Labelling

One author labelled 100 outputs from the validation
pool (CTX, MEM, BOTH, or NEITHER), taking
80 training-arm and 20 intervention outputs, with
metric-judge disagreements oversampled by design
(60 of 100). Labelling was blind to both automated
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labels. The sheet showed the question, both candi-
date answers, and the generation, never the metric
or judge label. The result favours the judge. Agree-
ment with the human label is .78 (k=.602) for the
judge vs. .53 (k=.346) for the lexical metric, with
the gap widest on intervention outputs (judge .95,
£=.897, metric .75, k=.550, n=20). On the 60
contested items the human sided with the judge
39 times, the metric 14, and neither 7, and five of
the seven neither cases are mode-(b) generations
that state one answer and then drift into text men-
tioning the other, which the human scores by the
first answer given. Where metric and judge agreed,
the human confirmed the shared label on 39 of
40. The sample deliberately over-represents dis-
agreements, so these rates describe the contested
region rather than estimate overall agreement, and
the labels come from a single author.

C Training and Evaluation Details

This section lists the settings needed to reproduce
every arm and every test.

C.1 Training Configurations

GRPO: TRL implementation, 200 steps, Ir 3-1076,
KL [=.02, 8 rollouts per prompt, temperature
1.0, max prompt length 1536 (HotpotQA distrac-
tor median ~1400 tokens), reward weights [an-
swer F1 1.0, citation set-F1 0.5, context-utility 0.3,
format 0.1] where applicable. The context-utility
reward is implemented as a per-token mean log-
probability ratio over the completion under a frozen
base-model scorer, clipped for stability. SFT:
completion-only loss, 2 epochs. E3 mixes 78%
conflict with 22% standard QA, and E2 follows
the KAFT recipe (conflict, standard, irrelevant-
context). DPO: 8=.5, Ir 5-10~°, 3 epochs, 4,500
ConFiQA preference pairs.

C.2 Evaluation Protocol

CounterFact: 4,000 items scanned. The base model
answers 1,089 correctly closed-book at 1.5B (1,257
at 3B, 1,252 at 7B, 1,394 at Llama), and the known
file is frozen and shared by all arms. Interventions
run on 500 ConFiQA items with frozen known
sets base-1.5B n=137, DPO-1.5B 134, base-3B
154, DPO-3B 142, E3 131, base-7B 166, DPO-7B
154, and DPO-Llama 168. All significance tests
are exact two-sided McNemar on items paired by
index. Equivalence tests are two one-sided ¢ tests
over 4 seeds using .044, the observed conflict-SFT
gain over its matched control, as the equivalence
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margin. Ablation recipe, stated per Miller et al.
(2024): node-level, zero and mean ablation, last
position, ablate-clean direction, circuit rather than
complement, logit-difference metric, aggregated
after ablation.

C.3 Code and Data Release

Code, per-item dumps, the estimated direction vec-
tors themselves, a one-command reproduction of
every figure from the released per-item records, and
a verification harness (154 automated checks that
match every reported number against raw per-item
records) will be released on publication.

D Exact Prompt Formats

All templates are exactly as in the released
evaluation code (placeholder names ours).
CounterFact runs as raw completion (no chat
template). The closed-book known-set pass
completes the bare relation stem (max 8 new
tokens), and the conflict pass completes " { stem}
{counterfactual}. {stem}" (max 24
new tokens). ConFiQA and FaithEval use the
model’s chat template. ConFiQA with context:
"Imodified context}\n\nQuestion:
{g}\nAnswer with a short phrase
only." Closed book drops the context
line. The opinion-and-instruction prompting
baseline follows Zhou et al. (2023): "Bob
said, "{modified_context}". {g}

in Bob’s opinion?\nAnswer with

a short phrase only." (a trailing
question mark is stripped from {qg}). FaithE-
val with context: "Read the passage
and answer the multiple-choice
question.\n\nPassage:
{context}\n\nQuestion:
{a}\n{choices}\n\nAnswer with a
single letter (A, B, C, or D)."
The no-context pass drops the instruction line and
the passage. The judge prompt instructs grading
of the answer the response commits to (“Judge
ONLY the answer the response asserts as its
answer ... If the response opens with an answer,
that IS its answer even if it rambles after””), with
one sentence of reasoning then FINAL: CTX |
MEM | BOTH | NEITHER.

E Consolidated Intervention Side-Effects

A steering intervention can change behaviour
beyond its target metric. = We collect every



side-effect measurement here (base-1.5B, DiM at
L21 unless noted): KL at the intervened position

rises with dose (.019/.076/.117/.170/.303
at «=10/20/25/30/40, matched random
.011/.041/.065/.095/.181), crossing the .1

threshold used by Arditi et al. (2024) between
=20 and 25. MMLU .423—.400 and ARC
.754—.752 at =20 (n=1000 each, ~1 SE of the
difference, n.s., matched random comparable). The
closed-book pass changes little under lift at a <25
(:312—-.324 vs. .316 on identical items, dipping
to .298/.282 at a=30/40), so the deployed dose
does not measurably change closed-book recall
on these items. Per-input effects: helps 10.2%,
hurts 0.0% at a=20. HotpotQA FI under the
trained arms is reported in §4. Suppression costs
decisiveness (non-decisive fraction .41 vs. .27 for
DPO-50), reported alongside every suppression
TOW.

F Negative Results and Additional
Controls

This appendix collects results that do not change
the main claims but bound them or warn against
tempting shortcuts.

F.1 A Two-Axis Causal Subspace

A second causal axis exists and stays largely inde-
pendent under intervention. A second, differently-
estimated axis (context-presence DiM, following
Anand et al., 2026) shares about 2% of vari-
ance with the behavioural axis (cosine +.146 at
1.5B, small but reliably non-orthogonal, 5.70 from
chance at d=1536). Geometric near-orthogonality
is weak evidence (Wollschliger et al., 2025), so
we test independence by intervention, injecting one
axis while continuously projecting the other out
of the residual stream. The injected axis keeps its
effect in 3 of 4 cells (1.5B suppression .754—.470,
3B lift .234—.344, 3B suppression .782—.556, all
p<1.5e—5). The 1.5B lift cell is not significant
(.504—.547, p=.070), plausibly because projec-
tion alone already lifts base from .467 to .504,
leaving little room to improve. Multi-axis struc-
ture is known for refusal (Wollschléger et al., 2025;
Zhao et al., 2025). Here we test the corresponding
structure for grounding by intervention.

F.2 Single-Layer Attribution

Single-layer attribution suggests a stage structure
that its own controls reject. Direction-attribution at
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the readout layer (DFA, Arditi et al., 2024) selects
late-layer “writer” components that do not over-
lap the causal heads (0/8 at four models), which
at first appears to be the routing-vs-writing decom-
position reported in VLMs (Lietzow et al., 2026).
Against a 100-random-set permutation null the writ-
ers’ directional-signal drop (.174) is within the null
range (p=.36, null .1414.108), and the “writers”
track the chosen readout layer (L19-21 when read
at L21, L10-15 at L15). Mean ablation reproduces
this, ruling out a zero-ablation artifact (Rushing and
Nanda, 2024; McGrath et al., 2023). We publish
the control. Single-readout attribution should be
validated against a permutation null over matched
random component sets, whose spread (sd .108
on mean .141) makes one random comparison in-
sufficient. The causally-necessary heads pass the
identical null (.638, beyond all 100 draws).

F.3 Item-Level Prediction

The base direction is a weaker item-level pre-
dictor than likelihood. Predicting which known
items DPO flips, the base model’s log-prob mar-
gin outperforms projection onto the direction (.718
vs. .636 AUROC among items the base does not
already follow), and adding the projection to a
likelihood-only predictor changes AUROC negli-
gibly, which is the pattern preference optimization
should produce if it grows margins on items near-
est the boundary (Chen et al., 2024). We report
this boundary condition on representation-based
prediction (Von Riitte et al., 2024; Agarwal et al.,
2025).

F.4 Weight-Difference Screening

Weight-difference magnitude fails as a screen for
behavioural change. Across all 10 arms with
weight-delta data, normalized weight movement
correlates positively but not significantly with be-
havioural effect (Pearson +.544, Spearman +.600,
n=10), and a weight-diff screen ranks both SFT
controls above both DPO arms. Norm-based
screening depends on objective and optimizer
choices (Nikolich et al., 2026). These results sug-
gest that audits should include behavioural or inter-
ventional evidence rather than relying on weight-
difference magnitude alone.

G Full FaithEval Results

Update rate on FaithEval counterfactual MCQA
(fixed letter parser, single seed). Llama uses the 16-
token regeneration (§4). The 4-token reparse gives



the same qualitative pattern (base lowest, conflict-
trained arms highest). We make no claim about
the E3-vs-DPO ordering on this dataset, because it
is not stable across parser regimes and known-set
definitions (16-token, known-in-both, p=.90, a tie).
Paired contrasts (follow-ctx, known-in-both McNe-
mar): GRPO-A vs. base —.002 (p=.77) at 1.5B and
—.001 (p=1.0) at 3B, E3 vs. EO +.024 (p=Te—4)
and +.026 (p=4e—4). The near-zero GRPO-A ef-
fect and the supervised effect both replicate on a
second dataset in a different format.

Arm 1.5B 3B Llama-3.2-3B

base .684 622 728
GRPO-A  .685 .620 —
GRPO-A’  .689 — —

SFT-EO 674 623 157
SFT-E2 696 — —

SFT-E3 705 .647 784
DPO 716 .673 779

Table 5: The dissociation replicates on a second
dataset in a different format. FaithEval update rate.
Missing cells: arm not trained at that backbone (A’ and
E2 beyond 1.5B) or not evaluated on FaithEval (GRPO-
A at Llama, whose CounterFact null is reported in §4).

H Quantitative Summary of the
Dissociation and the Audit

Figure 5 shows the behavioural dissociation and
the direction audit side by side.

I Causal Head Identities

Base-model top-8 causal head sets (layer.head),
discovered by per-head knockout and reproduced
7-8/8 by every swept arm (Table 3): Qwen2.5-
1.5B: L8.H3 (dominant), L13.H4, L6.H6, L2.H3,
L15.H7, L27.H2, L15.H6, L14.HO. Qwen2.5-
3B: L5.H9, L5.H12, L20.H8, L19.H11, L24.H1,
L24.H3, L24.H10, L23.H10 (identical top-8 in
all five 3B arms). The set is also not reducible
to induction heads (Olsson et al., 2022). One
of the eight heads overlaps the top-10 induction
set, and the two highest-attribution heads rank
188th and 333rd of 336 by induction score. Files
causal/causal_x. json in the release carry
the top-30 per-head attributions from every arm’s
full sweep.
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A. GRPO grounding gains are small. B. A starting-model direction lifts

SFT and DPO do more grounding and suppresses trained gains
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Figure 5: The dissociation and the audit, quantified. (A) GRPO grounding gains are small. Neither seeded
GRPO variant shows a robust gain under replication (ClIs include zero, with effects equivalence-bounded within
the conflict-SFT benchmark), and the single-seed variants remain below +.02. Conflict-supervised SFT improves
grounding moderately, while DPO improves it most (CounterFact, 4-seed mean A, ¢-Cls). (B) A difference-in-means
direction estimated on the starting model lifts base grounding and suppresses conflict-SFT and DPO gains relative
to matched-norm random directions (exclusive follow-ctx, frozen known sets).
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