
Decodable, Steerable, but Used? Auditing a Latent Risk Direction
in Financial Language Models

Anonymous Author(s)
Abstract
Mechanistic interpretability is increasingly proposed as a way to
inspect and steer what a financial language model “believes” about
risk. A convincing risk-belief direction bundles four claims: the di-
rection represents the risk regime, intervening on it changes the out-
put, the effect is specific to the intended concept, and the model uses
the direction when it responds to riskier inputs. Standard pipelines
can produce strong numbers for all four while establishing at most
one. We audit this bundle for a difference-of-means volatility di-
rection in models reading a market context and an earnings-call
disclosure, from GPT-2 and Qwen2.5-1.5B to Qwen3-32B, a finance-
tuned model, and OLMo-3 after each post-training stage. Seven
checks map to the four claims: matched and surface nulls, leave-
one-firm-out estimation, multiplicity correction, output-based read-
outs, random and competing-concept controls, an input-leakage
control that replaces the stated volatility with raw returns, and
causal mediation and erasure at every block. The naive pipeline’s
headline results, a steering effect of Cohen’s 𝑑 ≈ 118 and a per-
fect regime probe, re-read the steered axis and the stated number.
Representation survives: computed from raw returns, synthetic or
real, the regime separates beyond a matched null in every model,
as an order-invariant aggregate of return magnitudes. Interven-
tion survives only with qualifications: steering moves an explicit
High/Low risk judgement, but at the selected block only by editing
the positions where the answer is read, at 20–30 times the natural
shift in the small models, and a direction fit on non-financial “in-
tensity” sentences steers as well. Use is not supported. Across 16
runs with a natural effect, the direction carries at most about 30% of
the model’s response to riskier inputs at any block (Qwen2.5-1.5B:
0.004 of 0.043), and erasing the regime leaves at least 64% of the
judgement in place, even where the reasoning steps as a whole
carry the effect. A representation can be decodable and steerable
without being what the model uses; we translate this into concrete
requirements for validating representation-level explanations of
financial models.

CCS Concepts
• Computing methodologies→ Natural language processing;
Neural networks; Learning latent representations; Causal rea-
soning and diagnostics; Model verification and validation; • Mathe-
matics of computing→ Hypothesis testing and confidence interval
computation; • Applied computing→ Economics; • Social and
professional topics→ Governmental regulations.

Keywords
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linear representation hypothesis; causal mediation analysis; acti-
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1 Introduction
Language models now read filings, summarise earnings calls and
draft risk commentary in financial institutions [50, 53]. Classical
financial XAI explains such systems from the outside, attributing an
output to input features [8, 30]. Mechanistic interpretability offers
a stronger kind of explanation: locate an internal variable, say a
direction in the residual stream that tracks expected volatility, and
show by intervention that it drives the output [42, 47, 55]. To a
model validator this looks like evidence of conceptual soundness
in the sense of SR 11-7 [6], and like the kind of interpretability of
outputs that the EU AI Act asks of high-risk systems [14]. Neither
text prescribes such techniques; the question is what such evidence
would actually establish if it were offered.

We argue that a convincing “risk-belief direction” bundles four
claims that need separate evidence: (R) the direction represents
the risk regime, beyond the surface edits that come with it; (I)
intervening along it changes the model’s output; (S) the effect is
specific to the intended concept, here risk at a given horizon; (U)
the model uses the direction when it responds to riskier inputs. A
standard pipeline (contrast pairs, difference of means, steering) can
produce striking numbers for all four while establishing at most
one. A first version of our own pipeline reported a steering effect
of Cohen’s 𝑑 ≈ 118 and a regime probe at 100% accuracy. The first
number re-read the steered axis. The second read a number stated
in the prompt.

Question. We test one falsifiable hypothesis: when a language
model reads a market context and an earnings-call disclosure, the
difference-of-means direction between high- and low-volatility
contexts satisfies R, I, S and U. We test it on GPT-2 and Qwen2.5-
1.5B-Instruct, with the volatility either stated as a number or left to
be inferred from raw returns, and check the conclusions on larger
general (Qwen3-8B, -14B and -32B, Llama-3.1-8B-Instruct), finance-
tuned (Fin-R1) and open-pipeline models (OLMo-3-7B after SFT,
DPO and full post-training), on further seeds, and on real return
series.

Contributions. (1) An audit that maps each check to the claim it
can support (Table 1), including two checks that matter in finance:
a matched null that changes as many numbers as the treatment
without changing the regime, and an input-leakage control. The
pipeline is validated on a model with a planted direction. (2) Evi-
dence that the naive results are artifacts of where and how they are
read: re-projecting on the steered axis, comparing against random
directions at the final block, and steering at strengths up to 30 times
the natural shift. (3) A dissociation that holds across models. With
raw returns the regime is represented beyond the matched null at
every block, as an order-invariant aggregate of return magnitudes
(R). Steering along the direction moves the output (I), but at the
selected block only by editing the readout position, and at strengths
that are meaningful only in units of the natural shift.
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Mediation at every block, in models from 124M to 32B parameters,
shows that the direction carries at most about 30% of the model’s
natural response to riskier inputs, usually much less, even where the
reasoning-step positions as a whole carry all of it, and that erasing
the regime there leaves most of the judgement in place (U). Horizon
specificity (S) cannot be tested because the models’ judgements
do not depend on the horizon even when the ground truth does.
(4) Guidance for validators on which claims a representation-level
explanation can support (Section 6).

2 Related Work
What decodability does not show. Probes report what is linearly

decodable, not what the model uses; control tasks and selectivity
were introduced for exactly this gap [3, 21], and high probe accu-
racy need not mean the property is relevant to the task [41]. Linear
structure has been reported for sentiment [46], truth [33], and space
and time [18]; each such finding is a claim of type R. Single direc-
tions can look interpretable on one dataset and not another [7].
Amnesic probing and concept erasure ask instead whether remov-
ing the information changes behaviour [5, 13, 40]. Our leakage and
matched-null checks are the financial analogue of control tasks:
market prompts usually state the target quantity, so decodability is
expected and uninformative.

What steering does not show. Adding a difference-of-means vector
steers behaviour in many settings [2, 27, 42, 47, 55], often motivated
by linear-representation arguments [33, 36]. Steering effects can
be unreliable across inputs [43], and subspace interventions can
succeed through pathways the model does not use naturally [31].
Representation finetuning trains such interventions directly [51],
which makes them more effective, not more faithful. An interven-
tion effect is therefore evidence for I, not for U.

Testing natural use. Activation patching and causal mediation ask
whether a variable carries the effect of a natural input change [15,
20, 34, 48], and their conclusions depend on metric, patch design
and layer [54]; where an effect localises need not be where an
edit works [19]. Distributed alignment search learns the subspace
that carries a causal variable [16]; we use the cheaper bracket of
a rank-1 patch, a rank-𝑘 patch and the full residual at the same
positions. Circuit analyses trace how an effect is computed from
input to output [11, 49], and sparse autoencoders [9, 12, 45] and
feature circuits [32] offer finer-grained candidates; we leave these
for future work. Whether an explanation reflects how the model
actually reaches its output is the faithfulness question [23, 24]; U is
a causal test of faithfulness for a representation-level explanation.

Financial XAI.. Attribution [8, 30] and concept tests [26] domi-
nate deployed explanations; financial language models [1, 50, 52, 53]
are rarely examined internally, even as general models are asked
to read returns and statements directly [25, 29]. What is missing is
not another check but an account of how the known failure modes
combine on a financial claim, and which of R, I, S, U survives.

3 Setting and Estimands
Data. 16 synthetic firms in six sectors, two reporting periods

each, one per volatility regime (32 records). Daily log-returns fol-
low a GARCH-like process with daily 𝜎 of 0.8% (low regime) or

2.6% (high regime), with stronger clustering in the high regime.
The regime is constant over the 60-day look-back and the 60-day
horizon, so near- and medium-term risk are identical by construction;
we return to this in Section 5. Disclosures combine boilerplate with
guidance sentences graded by regime and three uncertainty levels.
The market context is rendered either as stated (cumulative return,
annualised volatility as a number, trend) or raw (the last 20 daily
returns, no summary statistic).

Prompts and activations. A prompt contains a task (downside
risk, transient shock vs. regime shift, or scenario comparison), a
horizon (near or medium term), the context, the disclosure, and
eight reasoning-step markers. Let ℎ̄𝐿 (𝑥) ∈ R𝑑 be the residual stream
at the output of block 𝐿 (index 0 is the embedding output), averaged
over the marker tokens.

Direction. A history contrast pairs the same firm’s low- and high-
regime contexts, with the low-period disclosure held fixed, for two
task types per firm (𝑖 = 1, . . . , 32). With per-pair differences

𝛿𝐿𝑖 = ℎ̄𝐿
(
𝑥hi
𝑖

) − ℎ̄𝐿 (𝑥 lo
𝑖

)
, 𝛿𝐿 = 1

𝑛

∑
𝑖 𝛿

𝐿
𝑖 , (1)

the belief direction is the normalised difference of means at the
block where it is largest,

𝑏 =
𝛿𝐿

★

∥𝛿𝐿★ ∥ , 𝐿★ = arg max
𝐿



𝛿𝐿

, (2)

which gives block 12 of 12 in GPT-2 and 27 of 28 in Qwen.

Readouts. Both readouts are computed from the next-token dis-
tribution at the final position. The lexical readout contrasts risk
words 𝑅 = {risk, loss, decline, downside, volatile, weak} with calm
words 𝐶 = {stable, steady, strong, gain, growth, safe}:

𝑦lex (𝑥) = 1
|𝑅 |

∑︁
𝑤∈𝑅

log 𝑝 (𝑤 | 𝑥) − 1
|𝐶 |

∑︁
𝑤∈𝐶

log 𝑝 (𝑤 | 𝑥). (3)

It measures a lean in the next token, not a risk estimate. The decision
readout appends “Final answer. Overall downside risk (High or
Low):” to the prompt 𝑥 , giving 𝑥q, and takes

𝑦dec (𝑥) = log 𝑝
(
High | 𝑥q) − log 𝑝

(
Low | 𝑥q), (4)

which is closer to a decision but is still a single-token judgement.

Intervention. Steering edits the residual stream at block 𝐿 during
the forward pass, so all later blocks recompute:

ℎ𝐿,𝑡 ← ℎ𝐿,𝑡 + 𝛼 𝑏, 𝛼 ∈ [−8, 8] (raw residual units). (5)
The edit is applied to every token 𝑡 from the first reasoning-step
marker to the end of the prompt. This span includes the final (read-
out) position and, for 𝑦dec, the appended question; Section 5.5 also
reports edits that stop before the question.ℎ𝐿 is written by a forward
hook on block 𝐿, in the space it is read in: for the last block, whose
state Hugging Face returns after the final norm, the hook sits on the
final norm’s output. The steering effect is Δ𝑦 (𝛼) = 𝑦 (𝑥 ; 𝛼𝑏) −𝑦 (𝑥),
compared against norm-matched random and orthogonal direc-
tions. To make 𝛼 interpretable we also express it in units of the
natural gap 𝑔𝐿 = 1

𝑛

∑
𝑖 ⟨𝛿𝐿𝑖 , 𝑏𝐿⟩, the distance the regime itself moves

the residual along 𝑏𝐿 .
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Mediation. Let 𝑃𝑏 = 𝑏𝑏⊤ project onto 𝑏, and let 𝑦 (𝑥 ; 𝑃𝑏ℎ ← 𝑣)
denote the readout when the 𝑏-component of the block-𝐿 residual
is set to that of another run 𝑣 while the orthogonal part keeps its
own value. Patches act on the same token span as steering: each
reasoning step’s mean residual is moved to its target by adding one
shift to every token of that step, so patching a run with its own
values is the identity. Following [48],

TE = E
[
𝑦 (𝑥hi) − 𝑦 (𝑥 lo)], (6)

NIE = E
[
𝑦
(
𝑥 lo; 𝑃𝑏ℎ ← 𝑃𝑏ℎ(𝑥hi)) − 𝑦 (𝑥 lo)], (7)

NDE = E
[
𝑦
(
𝑥hi; 𝑃𝑏ℎ ← 𝑃𝑏ℎ(𝑥 lo)) − 𝑦 (𝑥 lo)] . (8)

NIE is the part of the natural regime effect carried by the coordinate
along𝑏; NDE is what remains when that coordinate is held at its low-
regime value. Replacing 𝑃𝑏 by the identity gives NIEfull, what the
whole residual at these positions and block carries, which bounds
what any direction there can carry; a rank-𝑘 projection onto the
top principal directions of the per-pair contrasts sits in between.
We report all of these in absolute terms, because the ratio NIE/TE
is unstable when TE is near zero.

Models and inference. The main audit uses GPT-2 (124M) [39]
and the instruction-tuned Qwen2.5-1.5B-Instruct [37] in float32,
with two further data seeds for Qwen. Section 5.6 repeats the rep-
resentation, steering and mediation checks on larger models, in
float32 up to 14B and with a float32 unembedding at 32B, since
bfloat16 logits are too coarse for effects of order 0.01. The statisti-
cal unit is the firm: all 𝑝-values are firm-level cluster permutation
tests, and all intervals are firm-level cluster bootstraps [10]. With
16 firms, the effective sample size of the contrast tests is about 16
(design-effect corrected), so we report raw effects in log-probability
units alongside any standardised effect. Code, configurations and
every result file will be released with the camera-ready version.

4 The Audit
The checks are ordered by the claim they can support. Each one
closes a specific way of manufacturing evidence.

Representation (R). A1 Nulls. A surface null changes only form
(whitespace, a paraphrased disclosure, reformatted headers). It is
weak, because any edit that changes more tokens beats it. Amatched
null swaps in the context of another firm in the same regime while
keeping the firm label and disclosure. It changes as many numbers
as the treatment but not the regime. A2 Cross-fitting. Fitting 𝑏

and testing it on the same pairs aligns it with them by construction.
We hold out each firm 𝑓 , fit the direction on the other firms at every
block, and score only the held-out firm’s pairs:

𝑠𝐿𝑖 =
��〈𝛿𝐿𝑖 , 𝑏 (−𝑓 (𝑖 ) )𝐿

〉��, 𝑏
(−𝑓 )
𝐿 =

∑
𝑗 : 𝑓 ( 𝑗 )≠𝑓 𝛿𝐿𝑗

∑
𝑗 : 𝑓 ( 𝑗 )≠𝑓 𝛿𝐿𝑗



 . (9)

The same score is computed for held-out null pairs, and the two are
compared by Cohen’s 𝑑 and a firm-level permutation test. A3 Mul-
tiplicity. Per-block tests are Holm-corrected over blocks [22]. 𝐿★
itself is chosen on all firms, so per-block results at 𝐿★ are descriptive
rather than confirmatory. A6 Leakage. A regime probe peaking at
block 1 means the regime is read off the input. We therefore rerun
with raw returns, and test whether the representation aggregates
the window, reacts to single large returns, or depends on order (C1).

Intervention (I). A4 Independent readout. Re-projecting
steered activations on 𝑏 measures the intervention itself. We score
steering only on 𝑦lex and 𝑦dec, computed from the logits, at 𝛼=8 and
at the natural gap 𝑔, and with edits that stop before the appended
question, so that an effect cannot come from writing at the read-
out position. A5a Controls. 𝑏 is compared with 8 norm-matched
random directions and 8 random directions with 𝑏 projected out (or-
thogonal), on 16 prompts. A signed average over random directions
cancels, so on 𝑦dec we compare 𝑏 with their mean absolute effect.
Because 𝑏’s effect is nearly constant across prompts, standardised
effects are huge (Cohen’s 𝑑 of 48 on Qwen) and say little; we report
raw effects.

Specificity (S). A5bWe check that the model’s behaviour depends
on the horizon where the ground truth does (C2);𝑏 is compared with
the other horizon’s direction, with the leading principal components
of the per-pair contrasts, with competing directions fit on non-
financial text (intensity, sentiment), with the same windows in
basis points, and through a logit lens [4, 35]: its cosine with the
readout’s own unembedding axis𝑊𝑈 (𝑟 − 𝑐) after the final-norm
gain, and the tokens it promotes.

Natural use (U). A7Mediation and erasure. We report TE, NIE
and NDE in absolute terms with intervals, on both readouts (C3),
at 𝐿★ and at every block with 𝑏𝐿 refit there, bracketed by the full-
residual and rank-8 patches. We also erase the regime at each block
with LEACE [5], fit on the reasoning-step states of both regimes,
and report the TE that remains, an amnesic counterfactual [13].
The proportion mediated NIE/TE is unstable when TE is near zero,
so we do not lead with it.

Positive control. On a synthetic transformer with a direction
planted at layer 13, the pipeline recovers the planted structure:
held-out separation peaks at layer 13 with sign consistency 0.99,
steering along 𝑏 moves the readout while random directions do not,
the difference-of-means direction is the most effective candidate
(alignment 1.0), and 98% of the effect is mediated (95% CI 0.96–1.01).
This shows the code can find a planted, used direction. It does not
show the checks are exhaustive.

5 Results
5.1 The naive evidence is an artifact of the

evaluation
On GPT-2 (stated), steering moves the projection on 𝑏 by exactly 𝛼

(8.00 at𝛼=8); this re-reading of the steered axis is what produced𝑑 ≈
118.1 Readouts computed from the logits tell a different story. At 𝐿★,
GPT-2’s last block, an edit reaches the output only through the final
norm and the unembedding, so norm-matched random directions,
which write directly into the logits, move 𝑦lex by +0.236 against
−0.007 for 𝑏. This comparison is uninformative by construction.
Away from the last block it is not: 𝑏 moves 𝑦lex two to four times
more than random directions at blocks 3, 9 and 11, but 𝑦dec only at
block 3. The localisation evidence also dissolves. Against the surface
null, 11 of 12 blocks separate in-sample after Holm correction.
1The submitted version wrote layer 12 before GPT-2’s final LayerNorm while reading
it after, which shrank the shift to 4.55 and made the GPT-2 mediation non-additive.
Writing in the space that is read removes both (Section 3); the old placement reproduces
the old numbers exactly.
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Table 1: Evidence ledger, grouped by the claim each check bears on: R = representation, I = intervention, S = specificity, U
= natural use; Test names the check in Section 4 that produced the row. stated: volatility given as a number; raw: 20 daily
returns only. Per-block entries are at the steering block 𝐿★ chosen by the pipeline (second row). 𝑑: Cohen’s 𝑑 with held-out
(leave-one-firm-out) directions. 𝑝: firm-level cluster permutation test. [CI]: 95% firm-bootstrap interval. 𝑦lex: risk−calm next-
token log-probability; 𝑦dec: log 𝑝 (High) − log 𝑝 (Low) after an explicit risk question; effects in log-probability units. Random:
8 norm-matched directions, a signed mean on 𝑦lex and a mean absolute effect on 𝑦dec. 𝑔: natural shift of the residual along 𝑏
between regimes. Candidate effects are mean |Δ𝑦lex | over eight prompts at 𝛼=8. GPT-2’s 𝐿★ is its last block, where an edit acts
only through the unembedding. “–”: not measured in that run.

GPT-2 Qwen2.5-1.5B
Test Quantity stated raw stated raw

R A6 Regime probe acc. (best block) 1.00 (L1) 1.00 (L1) 1.00 (L1) 1.00 (L1)
R A1–2 Held-out 𝑑 vs. surface null (𝐿★) 0.37 (L12) 2.55 (L12) 0.22 (L27) 0.74 (L27)
R A1–2 Held-out 𝑑 vs. matched null (𝐿★) 0.04, 𝑝=0.45 0.46, 𝑝=0.065 -0.12, 𝑝=0.67 1.12, 𝑝<.001
R A3 blocks sig. vs. matched null (Holm) 2 / 12 11 / 12 13 / 28 28 / 28

I A4 Shift along 𝑏 at 𝛼=8 (circular) 8.00 8.00 8.00 8.00
I A4–5a Δ𝑦lex, 𝛼=8: 𝑏 / random -0.007 / +0.236 -0.017 / +0.236 +0.244 / -0.019 +0.145 / -0.019
I A5a 𝑏 > random; 𝑏 > orthogonal (𝑝) 1.00; 1.00 1.00; 1.00 <.001; <.001 <.001; <.001
I A4–5a Δ𝑦dec, 𝛼=8: 𝑏 / mean |random | +0.027 / 0.772 +0.018 / 0.772 +0.250 / 0.048 +0.098 / 0.050
I A7 Natural gap 𝑔 along 𝑏; 8/𝑔 1.01; 8 7.23; 1 0.26; 31 0.38; 21
I A4–5a Δ𝑦dec, 𝛼=𝑔: 𝑏 / mean |random | +0.003 / 0.097 +0.017 / 0.697 +0.008 / 0.002 +0.005 / 0.002
I A4 edit stops before question: 𝑏 / |random | – +0.000 / 0.000 +0.004 / 0.002 -0.001 / 0.002

S A5b 𝑏 > other-horizon direction (𝑝) <.001 1.00 1.00 <.001
S A5b cos(near-, medium-term direction) 0.998 1.000 0.986 0.990
S C2 Horizon interaction on 𝑦dec [CI] – +0.003 [-0.004, +0.010] – -0.004 [-0.009, +0.001]
S A5b | cos |(𝑏, readout unembedding) 0.001 0.001 0.076 0.052
S A5b Best candidate / 𝑏, mean |Δ𝑦lex |; | cos | pc4: 0.24 / 0.01; 0.02 pc3: 0.26 / 0.02; 0.01 pc1: 0.63 / 0.23; 0.01 pc2: 0.28 / 0.18; 0.32

U A7 𝑦lex: TE / NIE / NDE +0.001 / -0.001 / +0.001 -0.007 / -0.007 / +0.000 +0.011 / +0.005 / +0.006 +0.010 / +0.006 / +0.004
U A7, C3 𝑦dec: TE [CI] -0.054 [-0.122, +0.016] -0.037 [-0.084, +0.006] +0.105 [+0.025, +0.190] +0.043 [+0.023, +0.063]
U A7, C3 𝑦dec: NIE through 𝑏 [CI] +0.001 [-0.001, +0.003] +0.003 [+0.000, +0.006] +0.010 [+0.002, +0.018] +0.004 [+0.002, +0.006]
U A7 NIE, full residual at 𝐿★ [CI] +0.005 [-0.003, +0.012] +0.006 [-0.001, +0.013] +0.028 [+0.005, +0.051] +0.014 [+0.009, +0.019]
U A7 largest NIE through 𝑏𝐿 , any block +0.001 (L11) +0.007 (L7) +0.015 (L28) +0.006 (L28)
U A7 TE after LEACE erasure at 𝐿★ -0.055 -0.044 +0.093 +0.037

Against the matched null with held-out directions, only blocks
1–2 do, where the digits of the stated number differ (Figure 1); at 𝐿★
the held-out effect is 𝑑=0.04 (𝑝=0.45). The same correction removes
Qwen’s localisation claim. In-sample against the surface null, six
deep blocks (18, 21, 22, 25, 27, 28) survive Holm correction. Held out
against the matched null, the stated-format signal sits in blocks 3–
16 (13 of 28 significant) and is absent at the steering block (𝑑=−0.12
at block 27). The regime probe is perfect at block 1 for every model
and format. In the stated format it reads the number, and in the raw
format it can read the size of individual returns.

5.2 What is represented: copied or aggregated?
With raw returns the regime must be computed from twenty num-
bers, and every model still represents it beyond the matched null.
In Qwen held-out separation is significant at all 28 blocks (𝑑 from
1.1 to 2.9), and 𝑑=1.12 at 𝐿★; the same holds in two further seeds,
with the returns written in basis points (𝑑 1.2–3.0), and with real
daily returns of 16 large US stocks from a calm (October 2017)
and a turbulent (March 2020) window shown under the synthetic
firm labels (𝑑 1.7–5.6). GPT-2 separates at 11 of 12 blocks but only
weakly at 𝐿★ (𝑑=0.46, 𝑝=0.065). Separation beyond the matched
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Figure 1: Where the regime is represented beyond surface
variation. Held-out Cohen’s 𝑑 of the history contrast against
the matched within-regime null, by depth, with directions
fit with the firm held out; filled markers are significant after
Holm correction over blocks. Raw: the regime is given only
as 20 daily returns; stated: as a volatility number. Against the
weaker surface null every curve sits higher (Table 1).
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null shows that the regime, not merely which digits appear, is rep-
resented. This alone does not show temporal inference: volatility
depends on return magnitudes, so a magnitude aggregate would
also pass. Two controls separate these readings (C1; Figure 2b). First,
replacing the 𝑘 most recent of a low-regime firm’s 20 returns with
its high-regime returns moves the held-out projection gradually:
in Qwen at block 27, by 18%, 30%, 44%, 59% and 100% of the full
shift for 𝑘=1, 3, 5, 10, 20, and similarly at block 2 and in the other
seeds. A single large return does not trigger the signal. Second,
shuffling the order of the high-regime returns, which keeps every
token and destroys volatility clustering, leaves the projection un-
changed (block 2: −0.001, 95% CI [−0.002, 0.001]; block 27: +0.04,
[−0.05, 0.13], against a full shift of 0.31). The represented quantity
is therefore an order-invariant aggregate of return magnitudes over
the window. That is consistent with a volatility estimate, and it
is more than copying a stated number. But it is not evidence of a
model of temporal dependence, and we do not claim one. Nor is
the direction format-free: in basis points the regime is carried by a
direction with cosine 0.21 to 𝑏, and moves the projection on 𝑏 only
47% as far.

5.3 Intervention survives only as an edit at the
readout

Steering along 𝑏 at block 27 moves Qwen’s 𝑦lex by +0.24 at 𝛼=8
and −0.25 at 𝛼=−8 in the stated format, and by +0.145 and −0.149
in the raw format, against at most 0.02 for random and orthogonal
directions of the same norm (𝑝 < .001 against both). On the decision
readout the gap is smaller: +0.098 for 𝑏 against a mean absolute
effect of 0.050 for random directions (raw; stated: +0.250 vs. 0.048).
Two further checks change how these numbers should be read.

Strength. 𝛼=8 is not a natural magnitude. The regime itself moves
the residual along 𝑏 by 𝑔=0.38 at block 27 (raw) and 0.26 (stated),
so 𝛼=8 pushes 21 and 31 times further than the regime does. At
𝛼=𝑔, steering moves 𝑦dec by +0.005 and +0.008, about as much
as the indirect effect through 𝑏 (+0.004, +0.010; Section 5.5). Per
unit of displacement, steering and natural use agree; the regime
simply moves 𝑏 very little. A comparison of steering at 𝛼=8 with
the natural effect reflects the choice of 𝛼 , not the mechanism.

Positions. The edit covers every token from the first marker to
the end of the prompt, including the appended question and the
readout position. When it stops before the question, steering along𝑏
at block 27 no longer moves𝑦dec (raw: −0.001, random 0.002; stated:
+0.004, random 0.002), and the same holds at every later block (from
block 22 raw, 25 stated). At 𝐿★ the intervention therefore works
by writing at the positions where the answer is read, not through
what later tokens read from the reasoning steps. Middle blocks
do propagate in the stated format: without touching the question,
steering at blocks 15–24 moves 𝑦dec two to four times more than
random directions (block 19: 0.101 vs. 0.025); in the raw format it
does not exceed random directions consistently at any block. Read
through the unembedding, the stated-format 𝑏 promotes movement
tokens in both directions (“down,” “downgrade,” “Ups,” “upwards” )
and the raw-format 𝑏 tokens of alarm and intensity (“intensely,”
“excessively” ); its cosine with the readout’s own unembedding axis
is inside or just above the range of random directions (0.052 raw,
0.076 stated; 99th percentile 0.068).
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Figure 2: (a) Steering Qwen on raw returns at 𝐿★: change in
𝑦lex against 𝛼 for 𝑏, the other horizon’s direction, and orthog-
onal and random directions of equal norm (means over 16
prompts). (b) Aggregation control C1: held-out projection on
𝑏 when the 𝑘 most recent of 20 low-regime returns are re-
placed by high-regime returns, as a share of the shift at 𝑘=20,
with 95% firm-bootstrap intervals; crosses: the high-regime
window with its returns shuffled.

5.4 Specificity is untested by the original design,
and fails where it is tested

The near- and medium-term directions are almost identical (co-
sine 0.99 in Qwen raw, 1.00 in GPT-2), and the other horizon’s
direction steers about as well as 𝑏. This is not evidence against
horizon-specific beliefs: the generator holds the regime constant
over both horizons, so there is nothing horizon-specific to repre-
sent. We therefore built a case with horizon-specific ground truth
(C2): a transient window (15 calm returns followed by 5 turbu-
lent ones) against a persistent one (20 turbulent, same last five).
Medium-term risk should differ more between them than near-
term risk. Qwen rates the persistent window as riskier on 𝑦dec,
by +0.032 ([0.015, 0.048]) for the near-term question and +0.028
([0.014, 0.041]) for the medium-term one, an interaction of −0.004
([−0.009, 0.001]); GPT-2, the other seeds and the real windows show
none either. The models do not condition their risk judgement on
the horizon even when the ground truth does, so no direction-level
test of horizon specificity can succeed on them. S is untestable here,
rather than refuted. Concept specificity is informative. A direction
fit on short non-financial sentences contrasting calm with intense
scenes (storms, crowds, engines), cosine 0.09 with 𝑏, moves Qwen’s
𝑦dec by +0.136 at block 27, more than 𝑏 itself (+0.098); and a princi-
pal component of the per-pair contrasts moves 𝑦lex more than 𝑏 in
both formats (mean |Δ𝑦lex | over eight prompts: 0.63 vs. 0.23 stated,
0.28 vs. 0.18 raw). Steering effectiveness does not single out the
volatility concept.

5.5 The direction carries a small part of the
natural effect, at every block

Switching the context from low to high volatility moves Qwen’s
𝑦lex by only +0.011 (stated) and +0.010 (raw); with total effects this
small the proportion mediated is uninterpretable, and the decision
readout is the informative one.
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Figure 3: Natural use at every block, as a share of the natural effect on 𝑦dec (dashed line: 100%). Blue: indirect effect through 𝑏𝐿 ,
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Its natural effect is clearly non-zero, TE = +0.043 ([0.023, 0.063],
raw) and +0.105 ([0.025, 0.190], stated). At 𝐿★, patching only the
𝑏-component carries NIE = +0.004 and +0.010, about a tenth. 𝐿★
is chosen by raw norm, which favours late blocks where resid-
ual norms are large, and a patch confined to the reasoning-step
positions of a late block may carry little by construction. We there-
fore repeated the decomposition at every block, refitting 𝑏𝐿 there,
and bracketed it by the full residual at the same positions (Fig-
ure 3). Three results follow. First, no block rescues 𝑏: the largest
NIE through 𝑏𝐿 anywhere is +0.006 (raw) and +0.015 (stated), at
most 15% of TE, including the blocks of peak held-out separation.
Second, the positions carry more than 𝑏 but far from everything:
the full residual carries at most +0.021 and +0.037, about a third
to a half of TE. The rest reaches the answer from the context and
question tokens directly; with the question excluded from the patch,
even the full residual carries at most a tenth of TE at any block.
Third, removing all linearly available regime information at 𝐿★ with
LEACE [5] leaves 86% (raw) and 89% (stated) of TE in place. In the
stated format the pattern replicates in two further seeds, where TE
is larger (+0.27, +0.19): 𝑏 carries at most a tenth at any block and is
slightly negative at 𝐿★, and LEACE leaves the whole effect. In the
raw format the natural decision effect is itself seed-dependent: it
is absent in seeds 1 and 2 (−0.013, +0.011, both intervals including
0), while it is present on real returns (+0.031, [0.003, 0.058]), where
𝑏 again carries little (≈ 0 at 𝐿★, at most +0.008 at any block) and
LEACE leaves 94% of TE. For GPT-2 the decomposition is now ad-
ditive but there is no natural decision effect to decompose (−0.04,
[−0.08, 0.01]). The rank-1 patch sets one coordinate and leaves the
rest of the residual at its own-run value, so these are effects of 𝑏
as a linear coordinate; a learned subspace [16] could carry more,
but the full-residual bracket bounds how much more is available at
these positions.
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Figure 4: Every run with a natural effect on 𝑦dec (TE at
right). Circles: the largest indirect effect through 𝑏𝐿 at
any swept block; diamonds: through the whole residual at
the reasoning-step positions; triangles: TE remaining after
LEACE erasure of the regime at 𝐿★. All as a share of TE; val-
ues above 125% are drawn at the edge. In no run does the
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5.6 Larger, finance-tuned and post-trained
models

Appendix Table 2 repeats the representation, steering and me-
diation checks on Qwen3-8B, -14B and -32B [38], Llama-3.1-8B-
Instruct [17], the finance-tuned Fin-R1 [28], and OLMo-3-7B after
SFT, DPO and full post-training [44].
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Representation holds in every model with raw returns: the regime
separates beyond the matched null at every block in all but Qwen3-
8B (21 of 36 blocks). The natural effect on𝑦dec is much larger than in
Qwen-1.5B where it is present (Qwen3-8B +0.27, -14B +0.53, -32B
+0.79), and absent in Llama-3.1-8B with raw returns. The pattern
for use is the same at every scale. At 𝐿★ the direction carries 1–13%
of the natural effect in the Qwen3 models (raw), and is negative
in OLMo; at the best block anywhere it carries 14–19%. The full
residual at the reasoning-step positions carries at most 28–61% in
Qwen3, and LEACE erasure at 𝐿★ leaves 89–97% of the effect. With
the stated number the effects are larger (Qwen3-32B: +0.97), and
𝑏 carries 12% at 𝐿★ and 18% at best, with 82% left after erasure. In
OLMo-3-7B and Fin-R1 the positions carry nearly all of the effect
(86–123% of TE at the best block), yet 𝑏 carries 15–22%: there the
regime information the judgement uses passes through the rea-
soning steps, but not along the difference-of-means direction. The
finance-tuned model is the strongest case for use, at 22% (raw) and
24% (stated) through 𝑏 with 66–72% left after erasure, as is Qwen3-
14B with the stated number (29%, 64% left); no run exceeds about
30%. The strength the pipeline uses is not comparable across scales:
𝛼=8 is 20–30 times the natural gap in Qwen-1.5B but below it in
Qwen3 with raw returns (0.2–0.6), so steering strength must be re-
ported in natural units. Post-training changes the natural effect, not
the mechanism. In OLMo-3-7B the representation is present after
SFT (𝑑=1.70 at 𝐿★, all blocks), but the natural effect appears only
after preference tuning (SFT +0.016, [−0.002, 0.036]; DPO +0.054;
final +0.049), and at no stage does 𝑏 carry more than 17% of it.

6 Discussion and Limitations
What a validator can claim. For Qwen with raw returns, a val-

idator can claim that a magnitude-based volatility signal is linearly
represented beyond matched surface variation (R), and the same
holds with real returns, in basis points, across seeds and in every
larger model we tested (at most blocks in Qwen3-8B, all blocks
elsewhere). They can claim that pushing along the difference-of-
means direction shifts the model’s risk language and its High/Low
judgement (I), but only with the strength and positions stated: at
the selected block the effect comes from editing the positions where
the answer is read, at strengths 20–30 times the natural shift in
the small models, and a direction fit on non-financial “intensity”
sentences does as well. They cannot claim that this direction is how
the model reaches its judgement (U): at no block, in any model, does
it carry more than about 30% of the natural effect (in most models
under a fifth), even in models where the reasoning-step positions
as a whole carry the whole effect, and erasing the regime there
leaves at least 64% of the judgement in place. Nor can they claim a
horizon-specific belief, since the models’ behaviour is not horizon-
specific (S). With the volatility stated as a number, the steering
block carries no held-out regime signal at all, so the direction is a
control knob rather than an explanation. A report built on the naive
numbers would have claimed all four. For a model used to draft risk
commentary, the practical consequence is that steering along such
a direction is not a faithful way to explain or correct the model’s
risk judgements: most of the judgement would be untouched by it.

Recommendations. A representation-level explanation offered in
model validation should come with: (1) an output-based readout,

never a re-projection on the steered axis, with effects in output units;
(2) directions fit out of sample, grouped by issuer, with the layer
search corrected and reported at every block rather than at one se-
lected by norm; (3) matched nulls that change as much input as the
treatment; (4) a leakage control whenever the prompt states the tar-
get quantity; (5) comparisons against competing concept directions,
including ones fit outside finance, and against the absolute effect of
random directions; (6) steering strength in units of the natural shift,
and edits that exclude the readout positions; (7) absolute natural
direct and indirect effects with intervals, bracketed by what the
whole residual at the same positions carries and by erasure; (8) the
natural effect itself shown to be present, across data draws, before
it is decomposed; and (9) a planted-ground-truth run of the same
pipeline. These lessons are known separately [19, 21, 31, 43, 54];
our point is that on a realistic financial claim each one changes the
conclusion.

Limitations. The firms and disclosures are synthetic; real return
windows replicate the representation result and show a natural
decision effect, but real transcripts may behave differently. We use
16 firms per run. Both readouts are single-token proxies, not risk
estimates or portfolio decisions. The mediator is the reasoning-
step positions: the regime may also be carried, and used, at the
context tokens, which have different lengths across regimes and
cannot be patched one-to-one. A learned alignment [16] or non-
linear encoding could carry more than the linear directions we test,
within the full-residual bound. Horizon specificity needs models
whose judgements depend on the horizon.
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A Robustness across models, seeds and data
Table 2 repeats the representation, steering and mediation checks on
further data seeds, on real return windows, and on larger, finance-
tuned and post-trained models. The 1.5B and GPT-2 runs on the
main seed sweep every block; all other runs sweep every third block
(every fourth at 14B and 32B) plus 𝐿★ and the last block, with four
random directions.

Figure 5 shows the same decomposition for the runs not drawn
in Figure 3. Three regularities hold across all of them. First, the
direction’s share stays small at every block: the blue curve never
rises above about 30% of TE, and it peaks in the second half of
the network. Second, the gap between the blue and green curves
depends on the model. In Fin-R1 with raw returns and in Qwen-
1.5B on real returns the reasoning-step positions carry about the
whole effect, yet the difference-of-means direction carries a fifth
to a quarter of it at most. In the Qwen3 models with the stated
number the whole residual carries at most about half, and the rest
reaches the answer from the context and question tokens directly.
Third, in most panels steering at the natural gap tracks the blue
curve closely: an edit of natural size along 𝑏𝐿 does about what the
direction does naturally, and no more.

Two runs need care in reading. In OLMo-3-7B after DPO the
curves change sign across blocks: the direction carries a negative
share at 𝐿★, and erasing the regime there increases TE (139%).

https://allenai.org/olmo
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Figure 5: Natural use at every swept block for the other runs with a natural effect on 𝑦dec, drawn as in Figure 3: indirect effect
through 𝑏𝐿 (blue) and through the whole residual at the same positions (green), as a share of TE (dashed line: 100%), with
steering along 𝑏𝐿 at the natural gap (orange). In no panel does the blue curve rise above about 30% of TE, although the green
curve reaches about the whole effect in Fin-R1 (raw) and on real returns.

In Qwen3-8B with the stated number TE is large (+0.92) but its
interval is wide ([0.24, 1.64]), so the shares are noisy, although the
direction carries at most 9% at any block.

B Implementation details
Hook placement. Steering adds 𝛼𝑏𝐿 to the output of block 𝐿. Hug-

ging Face returns the last hidden state after the final normalisation,
so for 𝐿=𝑁 the vector is added after the final norm, and the pro-
jection of the steered state on 𝑏𝑁 then moves by exactly 𝛼 , which
we check for every model. The submitted GPT-2 results added the
vector before ln_f. That placement reproduces the submitted num-
bers exactly (a shift of 4.57 instead of 8.00), and all GPT-2 results in
this version use the corrected hook.

Edited positions. By default the edit covers every token from
the first reasoning-step marker to the end of the prompt, which
includes the appended question and the readout position. The pre-
question control stops the edit at the last token before the question.
Mediation patches act on the reasoning-step positions only, pooled
per step.

Precision. Bf16 logits are quantised in steps of 2−6, comparable
to the indirect effects we measure. All models up to 14B therefore
run in float32 with TF32 matrix multiplication; Qwen3-32B runs in
bf16 with the output head in float32.

Estimation. Intervals are percentile intervals from 4,000 boot-
strap resamples of firms. LEACE is fit in closed form at each block
on the step-pooled activations of both regimes, with a small ridge
on the covariance. The rank-8 subspace is spanned by the top singu-
lar directions of the per-pair regime differences. Random directions
are drawn uniformly on the unit sphere and applied with the same
𝛼 as the unit-norm 𝑏𝐿 .

C Competing directions across models
Section 5.4 tests specificity against two competing directions in
Qwen2.5-1.5B; Table 3 repeats the test at 𝐿★ in every model. The
result generalises. A direction fit on non-financial calm-vs-intense
sentences moves the High/Low judgement more than 𝑏 in five of
the eleven runs, as much in Qwen3-32B, and by 85% of 𝑏’s effect in
Llama-3.1-8B; only with the stated number in Qwen2.5-1.5B does
𝑏 clearly do more. In OLMo-3-7B no direction is specific: random
directions move 𝑦dec by about 0.19 on average, as much as 𝑏, which
moves it the wrong way. The regime direction is also not format-
free. With the same returns in basis points the regime is carried
by a direction with cosine between −0.14 and 0.47 to 𝑏, and moves
the projection on 𝑏 by at most 31% of the percent-format gap in
every model except Qwen2.5-1.5B. A validator who finds a “risk”
direction in one prompt format should therefore not expect it to
transfer to another.
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Table 2: Robustness of the audit across seeds, real returns, and larger and finance-tuned models. All effects on 𝑦dec, in log-
probability units, with 95% firm-bootstrap intervals for TE. 𝐿★: steering block (largest mean contrast) / number of blocks. 𝑑:
held-out Cohen’s 𝑑 against the matched null at 𝐿★ (A1–A2); sig.: blocks significant against it after Holm correction (A3). TE,
NIE𝑏 , NIEfull: natural effect, and the part carried at 𝐿★ by the coordinate along 𝑏 and by the whole residual at the same positions
(A7). Best NIE𝑏 : largest NIE through 𝑏𝐿 over swept blocks (every block for the 1.5B and GPT-2 runs on seed 0, every third block
otherwise). LEACE: TE with the regime erased at 𝐿★. 𝛼=8 / 𝑔: steering strength in units of the natural gap. ◦: TE interval includes
0, so there is no natural effect to decompose.

Model ctx. data 𝐿★ 𝑑 sig. TE [CI] NIE𝑏 NIEfull best NIE𝑏 LEACE 𝛼/𝑔
Qwen2.5-1.5B raw synthetic 27/28 1.12 28/28 +0.043 [+0.022, +0.064] +0.004 +0.014 +0.006 (L28) +0.037 21

raw synthetic, seed 1 27/28 1.68 28/28 -0.013 [-0.033, +0.004]◦ +0.002 +0.010 +0.006 (L28) -0.017 27
raw synthetic, seed 2 27/28 1.51 28/28 +0.011 [-0.011, +0.034]◦ +0.003 +0.012 +0.007 (L28) +0.006 26
raw real returns 27/28 2.54 28/28 +0.031 [+0.003, +0.058] -0.000 +0.027 +0.008 (L28) +0.029 13
stated synthetic 27/28 -0.12 13/28 +0.105 [+0.025, +0.190] +0.009 +0.028 +0.015 (L28) +0.093 31
stated synthetic, seed 1 27/28 1.26 28/28 +0.274 [+0.185, +0.360] -0.017 +0.085 +0.026 (L19) +0.271 9
stated synthetic, seed 2 27/28 0.57 6/28 +0.187 [+0.119, +0.272] -0.017 +0.061 +0.017 (L19) +0.189 11

GPT-2 raw synthetic 12/12 0.46 11/12 -0.037 [-0.084, +0.006]◦ +0.003 +0.006 +0.007 (L7) -0.044 1
raw real returns 12/12 2.13 12/12 +0.020 [-0.028, +0.062]◦ +0.003 +0.012 +0.008 (L10) +0.014 0

Qwen3-8B raw synthetic 35/36 1.55 21/36 +0.270 [+0.101, +0.440] +0.036 +0.120 +0.052 (L31) +0.241 1
stated synthetic 34/36 0.38 17/36 +0.924 [+0.237, +1.640] +0.019 +0.031 +0.081 (L36) +0.862 1

Qwen3-14B raw synthetic 39/40 1.53 40/40 +0.534 [+0.328, +0.767] +0.005 +0.095 +0.075 (L25) +0.516 1
stated synthetic 39/40 1.74 37/40 +0.685 [+0.199, +1.201] +0.129 +0.282 +0.200 (L25) +0.439 1

Qwen3-32B raw synthetic 63/64 2.43 64/64 +0.787 [+0.433, +1.141] +0.025 +0.167 +0.142 (L49) +0.712 0
stated synthetic 63/64 1.09 36/64 +0.973 [+0.415, +1.559] +0.120 +0.214 +0.171 (L49) +0.793 0

Llama-3.1-8B-Instruct raw synthetic 32/32 1.32 32/32 +0.034 [-0.008, +0.075]◦ +0.025 +0.068 +0.025 (L32) -0.011 7
stated synthetic 32/32 0.52 0/32 +0.179 [+0.087, +0.273] +0.007 +0.032 +0.019 (L19) +0.162 15

Fin-R1 (7B, finance) raw synthetic 27/28 1.26 28/28 +0.052 [+0.022, +0.083] +0.007 +0.030 +0.011 (L28) +0.037 4
stated synthetic 27/28 2.26 26/28 +0.105 [+0.041, +0.169] +0.013 +0.035 +0.026 (L28) +0.069 5

OLMo-3-7B SFT raw synthetic 32/32 1.70 32/32 +0.016 [-0.002, +0.036]◦ -0.010 +0.018 +0.002 (L19) +0.025 8
OLMo-3-7B DPO raw synthetic 32/32 1.99 32/32 +0.054 [+0.023, +0.087] -0.022 +0.003 +0.009 (L19) +0.075 6
OLMo-3-7B Instruct raw synthetic 32/32 1.73 32/32 +0.049 [+0.014, +0.084] -0.020 +0.001 +0.007 (L19) +0.065 6

stated synthetic 32/32 -0.35 0/32 -0.006 [-0.178, +0.170]◦ +0.011 -0.006 +0.011 (L32) -0.020 26

Table 3: Competing directions at 𝐿★ (raw returns unless
stated). cos: cosine with 𝑏 of the direction fit on non-financial
calm-vs-intense sentences (int.) and of the regime direction
with returns in basis points (bps). bps/%: regime gap along 𝑏
in basis points relative to percent. Right: change in 𝑦dec from
steering each unit direction at 𝛼=8; |rnd| is the mean absolute
effect of random directions.

cos with 𝑏 Δ𝑦dec , 𝛼=8
Model int. bps bps/% 𝑏 |rnd | int. sent.

Qwen2.5-1.5B 0.09 0.21 0.47 0.098 0.050 0.136 −0.080
real returns 0.05 0.31 0.69 −0.001 0.049 0.136 −0.079
stated 0.20 – – 0.250 0.048 0.144 −0.088

Qwen3-8B 0.31 −0.14 −0.09 0.025 0.016 0.042 −0.045
Qwen3-14B 0.49 −0.02 −0.02 0.004 0.007 0.020 −0.013
Qwen3-32B 0.47 0.47 0.31 0.007 0.008 0.007 −0.013
Llama-3.1-8B 0.06 0.09 0.07 0.275 0.029 0.234 −0.082
Fin-R1 0.06 −0.04 −0.05 0.047 0.020 0.063 −0.055
OLMo-3-7B SFT −0.04 0.13 0.10 −0.132 0.194 0.136 −0.231
OLMo-3-7B DPO −0.02 0.22 0.15 −0.241 0.194 0.109 −0.209
OLMo-3-7B −0.03 0.25 0.17 −0.223 0.194 0.115 −0.216

D Prompt format
Every prompt has the same five parts: a task instruction, the mar-
ket context, the earnings-call disclosure, a format line, and eight
reasoning-step markers. The example below is a high-volatility
prompt with raw returns. In a matched pair the low-volatility
prompt is identical except for the twenty returns, so the two
prompts differ only in the regime. The question line is appended
for the decision readout 𝑦dec, the difference between the next-token

log-probabilities of the first tokens of “ High” and “ Low” (with a
leading space).
Assess the downside risk over the near term (roughly the next few trading
sessions). Reason step by step about how the historical market behavior and
the disclosure jointly shape risk.

[MARKET CONTEXT]
Historical market context for TEC00 (tech): daily returns over the last 20
sessions, oldest first: -1.9%, -0.7%, -1.9%, -1.7%, +4.0%, +4.5%, +0.4%, +3.3%,
+1.4%, -1.5%, -2.0%, +4.4%, -6.2%, +0.6%, +2.4%, +0.2%, -0.9%, -4.0%, +5.7%,
-2.1%.

[EARNINGS CALL DISCLOSURE]
Thank you all for joining today’s call. The environment is choppy and we are
widening our guidance range. Near-term visibility is limited given recent
market swings. Thank you, and we will now take your questions.

Provide your reasoning as free-form prose.

<step0> reasoning step 1 . . . <step7> reasoning step 8

Final answer. Overall downside risk (High or Low):

In the stated format the market context is a single sentence
that gives the number directly, for example: “Historical market
context for TEC00 (tech) over the trailing 60 sessions: cumulative
return +15.8%, annualized volatility 39.4%, trend up.” In the basis-
point control the same twenty returns are written in basis points.
In the real-return runs they are replaced by the last 20 daily log
returns of one of 16 large US stocks in six sectors: AAPL, MSFT,
INTC (technology), XOM, CVX, COP (energy), JPM, BAC, WFC
(financials), JNJ, PFE, MRK (healthcare), PG, KO (consumer) and
HON, CAT (industrials). The calm window ends on 31 October 2017
and the turbulent window on 31 March 2020; the median annualised
volatility is 16% and 111% respectively, and every stock is at least 2.5
times as volatile in the second window. Each stock appears under a
synthetic firm label from its sector.
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