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Abstract

The mechanisms by which reasoning training reshapes LLMs’ internal compu-
tations remain unclear. We study lightweight steering vectors inserted into the
base model’s residual stream and trained with a reinforcement-learning objective.
These vectors match full fine-tuning performance while preserving the interpretabil-
ity of small, additive interventions. Using logit-lens readouts and path-patching
analyses on two models, we find that (i) the last-layer steering vector acts like
a token-substitution bias concentrated on the first generated token, consistently
boosting tokens such as “To” and “Step”; and (ii) the penultimate-layer vector
leaves attention patterns largely intact and instead operates through the MLP and
unembedding, preferentially up-weighting process words and structure symbols.
We also show that steering vectors (i) transfer to other models, (ii) combine across
layers when trained in isolation, and (iii) concentrate magnitude on meaningful
prompt segments under adaptive token-wise scaling. Taken together, these re-
sults deepen understanding of how trained steering vectors shape computation and
should inform future work in activation engineering and the study of reasoning
models.

1 Introduction

Reasoning-oriented language models have recently made striking gains Jaech et al. [2024], Guo et al.
[2025]. Many top systems are trained with reinforcement learning on verifiable tasks, especially
mathematics, where correctness provides reliable rewards. Yet we still lack a mechanistic account of
what this training changes inside the network.

Following Sinii et al. [2025], we train steering vectors – learned additive directions injected into
the residual stream, while freezing the base model. This parameterization isolates a small set of
features that can be probed, ablated, and composed with mechanistic-interpretability tools. To isolate
layer-wise effects, we fit one steering vector per layer ℓ and measure its behavioral impact, then
analyze in depth the layers with the clearest effects.

Our contributions are as follows. Layer-wise isolation of RL-induced gains. One steering vector
per layer, frozen base; evaluated across two models and six math benchmarks. Last layer behaves
like first-token substitution. The final-layer vector acts at unembedding, boosting opening tokens
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Figure 1: Single-layer steering. Mean accuracy on six benchmarks for Qwen2.5-Math-7B when
training a single vector sℓ at layer ℓ with all other layers frozen. Mid-layer vectors yield the largest
gains but never match all-layer steering, indicating the improvement is distributed across layers.

(e.g., “To”/“Step”); simply prefixing that token recovers ∼10–11 points – about three quarters of
the explicit last-layer gain. Penultimate-layer circuit for Qwen-2.5-Math-7B. Skip-Attn retains
over half the gain, and injecting only into V1 recovers the full penultimate-layer effect; analytically,
the value-path addition yields a linear term independent of attention, consistent with an OV+MLP
mechanism plus a direct unembedding push.

2 Single-layer steering vectors

Setup. We study two base models – Qwen2.5-Math-7B [Team, 2024] and Llama3.1-8B-Instruct
[Grattafiori et al., 2024]. Steering vectors are trained with the RLOO objective [Ahmadian et al., 2024]
on the DeepScaleR dataset [Luo et al., 2025]. Evaluation spans six math benchmarks: AIME24/25,
AMC23, MATH500 [Hendrycks et al., 2021], MinervaMath [Lewkowycz et al., 2022], and Olympiad-
Bench [He et al., 2024]. We report the mean score across these benchmarks. See Section B for further
details.

Result. For each layer ℓ, we train a single steering vector sℓ while freezing all others. Figure 1
reports per-layer results for Qwen2.5-Math-7B (see Section C for LLaMa3.1-8B-It), compared with
(i) all-layer steering, (ii) the base model with greedy decoding, and (iii) the base model sampled at
τ = 1.0 (the training initialization). Most layers improve over the initialization, but none matches
all-layer steering; under greedy decoding, several do (Section D), suggesting that single-layer vectors
target the right mechanisms yet cannot on their own sufficiently reduce the next-token distribution’s
entropy. In Qwen2.5-Math-7B, s23 and s24 underperform their neighboring layers; we trace the issue
to vectors passing through the input layer-norm in layer 25 (Section E).

The value of single-layer steering is the simplified interpretability: each vector’s effect is isolated,
avoiding cross-layer interactions. We build on this in the next section.

3 Last Layer – Token Substitution

Training only the last-layer vector s27 closes over 50% of the gap between the base model and
all-layer steering, indicating a strong task signal. With no subsequent layers to process it, s27 acts
at unembedding without altering hidden states, effectively substituting tokens by boosting the logit
of those it aligns with. We read out these preferences via a logit-lens projection [nostalgebraist,
2020], multiplying s27 by the unembedding matrix (omitting the pre-unembed layer norm); the top
token is "To" (score 42.5; cosine 0.37) (see Section F for other top-10 tokens). Though the vector
is added unconditionally, because softmax is nonlinear, effects vary by position, so we estimate the
induced probability differences on 256 DeepScaleR prompts:

∆Pi = P (Vi | x:t; θ, s27)− P (Vi | x:t; θ).

Grouping by token, the largest increases are for "To" and " To", concentrated at the first generated
token (Figure 2a). To test first-token steering directly, we simply append "To" to each prompt and
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(a) Qwen2.5-Math-7B: Distribution of token-level
probability change ∆P induced by the last-layer vec-
tor over 256 DeepScaleR prompts. Five tokens with
the largest maxima are shown and a separate distribu-
tion for "To" at the first generation position.
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(b) Prepending "To" to each prompt raises base-model
accuracy by 10–11 points under both greedy and sam-
pling, capturing about 75% of the gain from the ex-
plicit last-layer vector.

Figure 2: Last-layer analysis. Left: the last-layer vector mainly boosts the initial token "To". Right:
prefixing that token reproduces most of the observed performance gain.
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Figure 3: Penultimate-layer steering in Qwen2.5-Math-7B. Mean accuracy when injecting s26 into
a single projection of the final block: Q (left), K (center), V (right). Placing s26 only in V1 closes the
gap between Skip-Attn and s26, indicating the effect is carried by the V1→WO path and is largely
independent of Q/K and attention weights.

evaluate the base model: accuracy rises by 10-11 points under both greedy and sampling – about
75% of the gain from s27 (Figure 2b).

The last-layer vector in LLaMa3.1-8B-It has a much smaller impact (Section C), suggesting token
substitution is less effective. Nonetheless, s31 again concentrates its influence on the first generated
token and preferentially promotes "Step" (Section G).

4 Penultimate Layer – Circuit

Steering the penultimate layer s26 yields a larger accuracy gain than steering the last layer, and
remains tractable to analyze because the modified activations traverse only one remaining block.
Here we identify which parts of that block convert the steering signal into performance.

For residual input X , the block computes Y = X +MHA(LN(X)) and Z = Y +MLP(LN(Y )),
with heads Hi(U) = Softmax(UWQ

i (UWK
i )⊤/

√
dk)UWV

i concatenated and mixed by WO, and
an MLP f(UW1 + b1)W2 + b2. We assess the contribution of each submodule by inserting or
omitting sl−1 at specific locations and measuring mean accuracy: Full steering X←X+sl−1; Skip-
Layer Z←Z + sl−1; Skip-Attn Y ←Y + sl−1; Steer-Q/K/V-Proj for a head i, (UW

Q/K/V
i ) 7→

(U + sl−1)W
Q/K/V
i .

Figure 3 gives three takeaways: (i) Skip-Layer reduces accuracy relative to passing s26 through the
block, but the drop is small compared with using s27; thus s26 still helps via a direct push on the
unembedding, with the remainder coming from in-block processing; (ii) Skip-Attn preserves over half
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Figure 4: Case study (Qwen2.5-Math-7B). Token-level probability shifts (∆p) induced by
penultimate-layer steering. Three patterns emerge: row 1 amplify the paragraph-initial token
“To”; row 2 suppress “solution” in favor of “calculations”; row 3 favor structural tokens that start
Python code comments, and newlines – rather than continuing the current sentence.

0 2 4 6 8 10 12 14 16 18 20 22 24 26
j

0
2
4
6
8

10
12
14
16
18
20
22
24
26

i

4

3

2

1

0

1
Re

la
tiv

e 
Im

pr
ov

em
en

t

Qwen2.5-Math-7B

0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30
j

0
2
4
6
8

10
12
14
16
18
20
22
24
26
28
30

i

5

4

3

2

1

0

1

Re
la

tiv
e 

Im
pr

ov
em

en
t

LLaMa3.1-8B-It

Figure 5: Composable steering. The normalized gain in mean accuracy when pairing vectors si and
sj with i < j. Crosses mark pairs reaching ≥ 99% of all-layer. Qwen2.5-Math-7B often benefits,
with two near–all-layer pairs; LLaMa3.1-8B-It is mostly neutral or interfering.

of the s26 gain, pointing to the MLP as the main contributor; (iii) patching any single Q or K, or a Vj

with j ̸= 1, has little effect, whereas placing s26 only in V1 closes the gap to the full s26 result.

Viewed through the QK/OV-circuit lens [Elhage et al., 2021], token–token interaction (QK) is
unchanged and the effect travels through the OV path – controlling what is written when a token
is attended. Moreover, because s l−1W

V
1 WO

1 enters the residual regardless of attention weights
(Section H), this is equivalent to adding the projected vector just before the MLP, i.e., skipping
attention. Indeed, a vector trained directly on the post-attention residual reaches 38.8 ± 0.6 mean
accuracy, matching s26. Overall, the penultimate vector in Qwen2.5-Math-7B acts via two routes: a
direct effect on the unembedding and an interaction with the MLP. Section I contains the LLaMa3.1-
8B-It study.

Figure 4 shows how adding the steering vector to the post-attention residual stream shifts token
probabilities. Beyond boosting the probability of the paragraph-initial token To, it promotes process
words – e.g., replacing “solution” with “calculations,” possibly to deter premature endings. It also
favors structural tokens such as Python comment markers and newlines, which often precede math
blocks and may support in-code reasoning.
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5 Steering Vectors are Composable

We test whether depth-specific vectors combine without conflict by evaluating all pairs (si, sj) with
i < j. Figure 5 reports the normalized gain

norm(si, sj) =
Acc(si, sj)−max{Acc(si), Acc(sj)}
Acc(S)−max{Acc(si), Acc(sj)}

,

which compares the pair to the better single vector: 0 means no improvement, 1 matches the all-layer
score S, and < 0 indicates interference. Exact accuracies are in Section J.

Adjacent pairs (near the diagonal) often interfere, while wider gaps add constructively. Notably, s25
paired with s16 or s14 nearly matches the all-layer 42.9%, though each alone plateaus around 40%.
The composition in LLaMa3.1-8B-It is weaker: many pairs are neutral or harmful. The modest gains
concentrate when late layers are paired with mid-depth layer 8, but none reach the all-layer result.
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A Related Work

Steering vectors are small additive perturbations to the residual stream that modulate model behavior.
They are widely viewed as feature amplifiers – strengthening existing computations rather than
introducing new mechanisms – and have been used to toggle or amplify reasoning-like behaviors
[Venhoff et al., 2025, Ward et al., 2025]. A common way to obtain them is contrastive extraction
from activation pairs (e.g., positive vs. negative sentiment) [Turner et al., 2023, Panickssery et al.,
2023, Liu et al., 2023, Zou et al., 2023]. Beyond extraction, steering directions can also be trained:
optimized with preference data for controllable generation [Cao et al., 2024], or learned as simple
additive vectors that surface latent behaviors such as step-by-step reasoning or self-reflection [Mack
and Turner, 2024, Engels et al., 2025, Betley et al., 2025].

In this work, we interpret steering vectors trained with GRPO-like objective using standard tools from
mechanistic interpretability – logit-lens to read out token-level effects [nostalgebraist, 2020], path
patching to localize circuits [Wang et al., 2022], and circuit-style analyses in the QK/OV framework
[Elhage et al., 2021].

B Setup details

Training uses the sampling temperature τ = 1.0, a 4K context window for Qwen2.5-Math-7B, and 8K
for Llama3.1-8B-Instruct. Rewards are assigned with Math-Verify1. For MATH500, MinervaMath,
and OlympiadBench we report PASS@1; for AIME24/25 and AMC23 we report AVG@32 due to
their smaller sizes. Base models decode greedily; trained models decode with sampling at τ = 1.0
following Zeng et al. [2025]. Evaluation context length is 4K and 32K for Qwen2.5-Math-7B and
other models respectively. All metrics are averaged over three evaluation seeds.

C Single-layer LLaMa3.1-8B-It
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Figure 6: Single-layer steering. Mean accuracy on six benchmarks for Qwen2.5-Math-7B when
training a single vector sℓ at layer ℓ with all other layers frozen. Vectors from layers 8 − 15 yield
the largest gains but never match all-layer steering, indicating the improvement is distributed across
layers.

The results for LLaMa3.1-8B-It in Figure 6 mirror those for Qwen2.5-Math-7B in Section 2: mid-
layer vectors perform best yet none reaches all-layer steering. Differently from Qwen2.5-Math-7B,
the final-layer vector yields only marginal gains.

D Per-Layer Steering with Greedy Decoding

We evaluated the same single-layer steering vectors from Section 2 with temperature τ = 0 and
found that many match the performance of full-steering in this setup, see Figure 7. That shows that

1https://github.com/huggingface/Math-Verify

7

https://github.com/huggingface/Math-Verify


single-layer steering vectors modify the right mechanisms but lack the capacity to lower the entropy
enough.
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Figure 7: Single-Layer Steering with τ = 0.

We re-evaluate the single-layer steering vectors from Section 2 with greedy decoding (τ = 0). As
shown in Figure 7, many of these single-layer vectors match the performance of full steering, which
we did not observe when sampling with temperature τ = 1. This suggests they target the correct
mechanisms but lack the capacity to sufficiently reduce generation entropy.

E Ineffective Layers in Qwen2.5-Math-7B
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Figure 8: Component-output steering.

As noted in Section 2, single-layer steering on layers 23 and 24 underperforms their neighbors. To
pinpoint where this loss arises, we trained vectors inserted immediately after each subcomponent
between the layer-24 MLP and the layer-25 MLP. Figure 8 shows that placing s24 after the input
LayerNorm of layer 25 closes the gap with s25. Thus the input LayerNorm is the problematic step –
passing through it limits the effect of the steering vector.
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F Last Layer. Logit Lens

Table 1: Last Layer – logit-lens. Cosine similarities and dot-product scores between the last-
layer steering vector (trained in isolation) and the unembedding vectors of the top-10 tokens for
Qwen2.5-Math-7B and LLaMa3.1-8B-It.

Qwen2.5-Math-7B

To ] To So _to \ } For .To -to

Cos. Sim. 0.37 0.16 0.16 0.15 0.14 0.14 0.13 0.13 0.12 0.12
Dot Prod. 42.5 19.12 18.62 19.12 16.88 19.75 15.69 14.19 17.0 18.62

LLaMa3.1-8B-It

final Step format Final final final Steps Final _final solution

Cos. Sim. 0.12 0.11 0.09 0.09 0.08 0.08 0.08 0.08 0.08 0.08
Dot Prod. 1.69 1.32 1.17 1.09 0.71 1.01 1.02 0.93 0.83 0.95
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(a) Distribution of the change in token probability
(∆P ) produced by the single last-layer steering vec-
tor on Qwen-2.5-Math-7B. The box-plots summarise
256 DeepScaleR completions and display (i) the five
tokens with the highest maximum ∆P and (ii) a sep-
arate distribution for "To" when it appears at the first
generated position ("To" at Pos. 0).
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(b) Prepending "To" to every prompt (Base + "To")
raises performance by 10–11 absolute points under
both greedy and sampling decoding by the base model
– more than half of the gain achieved by explicit last-
layer steering.

Figure 9: Last Layer Analysis. The left panel shows how last-layer steering concentrates its impact
on starting with token "To"; the right panel confirms that this single-token boost translates into a
substantial portion of the observed performance improvement.

We analyze the last-layer steering vector for LLaMa3.1-8B-It using the procedure in Section 3.
Table 1 (see Section F) reports the logit-lens scores. Two observations stand out: (i) the vector
is only weakly aligned with any single token – the largest cosine similarity is 0.12 – and (ii) the
highest-scoring tokens are variations of "final" and "Step". Much of the vector’s effect is concentrated
on "Step" at the first generated position (Figure 9a).

Prepending "Step" to each prompt improves the pefromance of the base model under both Sampling
and Greedy decoding. Interestingly, in the Greedy setting this prefix even outperforms last-layer
steering, plausibly because a last-layer steering vector cannot condition its influence on position and
thus perturbs subsequent steps.
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H Value Steering Adds a Linear Term to MHA

The following derivation holds when we ignore the pre-attention LayerNorm (LN). While this is
a strong assumption – that LN does not alter the steering vector’s trajectory – the experiment in
Section 4 shows that a post-attention steering vector attains the same performance as a pre-attention
one, indicating that the pre-attention vector indeed does not act through attention.

Claim. Let U ∈ RT×dmodel and define the (row-wise) attention

A(U) = Softmax

(
UWQ

i (UWK
i )⊤√

dk

)
∈ RT×T , A(U)1 = 1.

For head i,

Hi(U) = A(U)UWV
i .

Let a steering vector s ∈ Rdmodel be added to the values of head i for every token, and set S = 1s⊤ ∈
RT×dmodel . Then

H
(+s)
i (U) = A(U) (U + S)WV

i

= A(U)UWV
i +A(U)SWV

i

= Hi(U) + SWV
i (since A(U)1 = 1).

Writing WO =

WO
1
· · ·
WO

h

 by heads, the multi-head output satisfies

MHA(U + S) = MHA(U) + SWV
i WO

i

and is independent of the attention pattern.

I Penultimate-Layer Steering Vector in LLaMa3.1-8B-It
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Figure 10: Penultimate-layer steering in LLaMa3.1-8B-It. Mean accuracy when the penultimate-
layer vector s30 is injected into a single Q (left), K (center), or V (right) projection of the final block.
Steering any single projection stays near Skip-Attn and below s30.
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Figure 11: Penultimate-layer steering in LLaMa3.1-8B-It. Mean accuracy when applying s30 at
the final block by patching whole heads: Skip-Head (left, steer all except head i) and Steer-Head
(right, steer only head i). No single head closes the gap between Skip-Attn and s30, indicating a
cooperative multi-head effect.

Projection-level patching (Steer–Q/K/V) did not reveal the source of the gain (Figure 10). We
therefore patched entire heads using two setups: Steer–Head (Hi(U) 7→ Hi(U + s l−1)) and
Skip–Head (leave Hi(U) unchanged while steering all other heads). In Figure 11, two baselines
mirror the Qwen result: Skip-Layer performs close to s31, indicating a direct unembedding effect, and
Skip-Attn retains about 70% of the s30 gain, suggesting much of the impact bypasses attention. No
single head closes the remaining gap between s30 and Skip–Attn, pointing to a cooperative multi-head
mechanism and the importance of attention layer for s30’s performance; resolving this is left for
future work.

However, training the steering vector in the post-attention residual stream yields performance in-
distinguishable from s30 (mean accuracy 19.9 ± 0.1), suggesting either that the vector effectively
bypasses attention or that comparable performance can be achieved via the MLP alone.
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J Pair Single Raw

Table 2: Pairwise composition of steering vectors. Mean accuracy (%) across six benchmarks when
applying two independently trained steering vectors at once: si at layer i and sj at layer j.

Qwen2.5-Math-7B

i \ j 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27

0 34.6 35.6 36.0 37.1 36.2 36.7 36.4 38.2 38.4 39.1 38.7 39.9 39.9 40.3 41.6 41.7 41.9 40.0 40.8 39.4 38.7 39.4 38.4 37.5 37.2 39.5 39.7 37.9
1 — 35.6 34.9 35.1 36.0 36.1 35.2 36.7 37.4 37.8 38.3 39.6 38.5 39.3 40.4 40.8 41.0 39.2 39.5 39.4 38.9 39.0 38.6 37.2 37.4 39.9 39.0 37.1
2 — — 35.2 36.3 36.2 36.2 36.0 37.6 37.6 38.0 38.4 39.1 39.5 40.3 41.0 41.7 41.6 39.3 40.3 39.7 39.0 39.1 38.9 36.6 36.9 39.8 39.8 38.0
3 — — — 36.3 32.7 36.0 35.6 38.0 37.8 37.8 39.0 40.2 39.6 40.1 40.9 41.4 41.5 39.4 40.2 40.1 38.5 39.8 39.2 37.5 37.7 40.5 39.6 38.1
4 — — — — 35.4 36.4 35.4 37.4 37.0 38.1 38.0 39.6 39.2 40.2 41.3 41.6 42.3 39.7 40.2 40.0 38.6 38.9 39.1 37.6 36.6 40.6 39.5 38.0
5 — — — — — 37.0 35.8 37.2 37.4 38.4 38.5 39.6 40.1 40.0 41.1 41.4 41.5 39.6 41.1 40.8 39.8 39.5 39.3 38.3 37.4 40.1 39.7 37.9
6 — — — — — — 36.3 36.7 36.4 37.7 37.8 39.4 38.8 39.4 41.0 41.4 41.5 39.8 40.3 39.7 39.0 39.6 38.9 37.5 36.9 40.5 39.9 37.8
7 — — — — — — — 37.1 36.0 37.1 38.1 39.0 39.5 39.8 41.7 41.6 41.9 40.3 40.2 41.1 40.1 40.2 39.4 38.3 37.7 41.1 40.3 38.5
8 — — — — — — — — 36.9 35.9 37.3 38.8 38.2 39.4 40.8 40.3 41.5 39.9 40.0 40.7 40.0 40.4 39.0 38.0 38.4 40.1 41.0 38.3
9 — — — — — — — — — 37.4 37.4 38.5 39.3 39.5 39.7 40.7 40.9 39.1 39.2 40.2 40.3 40.4 40.0 38.8 38.2 40.8 40.6 39.5

10 — — — — — — — — — — 37.2 37.1 38.6 39.6 40.3 40.6 40.8 40.2 41.1 40.2 40.5 40.9 39.6 37.7 37.6 41.0 41.2 39.6
11 — — — — — — — — — — — 37.4 38.0 38.9 39.3 40.6 41.6 39.3 40.2 40.7 40.2 40.8 39.8 38.3 37.5 40.9 41.4 39.9
12 — — — — — — — — — — — — 37.2 37.3 39.4 40.5 41.1 39.4 40.4 40.6 40.1 40.8 40.2 39.1 37.9 41.9 41.1 39.8
13 — — — — — — — — — — — — — 38.6 39.1 40.1 41.2 39.7 40.4 40.9 40.2 40.7 39.8 38.3 38.1 41.3 40.0 40.5
14 — — — — — — — — — — — — — — 39.9 39.3 40.4 39.5 40.4 41.6 41.6 41.2 40.2 39.8 39.1 43.1 42.2 41.6
15 — — — — — — — — — — — — — — — 39.2 39.8 38.5 39.5 40.7 41.0 41.0 39.9 39.6 39.1 42.5 40.0 42.2
16 — — — — — — — — — — — — — — — — 40.0 35.5 37.6 40.7 40.7 40.8 40.2 39.5 38.8 42.9 39.9 41.9
17 — — — — — — — — — — — — — — — — — 36.6 32.7 39.5 39.8 39.7 39.4 37.5 37.3 41.2 38.6 40.1
18 — — — — — — — — — — — — — — — — — — 37.5 36.9 37.9 38.0 38.0 34.8 36.9 39.8 34.7 40.1
19 — — — — — — — — — — — — — — — — — — — 38.2 31.1 34.6 35.6 26.1 35.4 39.1 25.5 39.5
20 — — — — — — — — — — — — — — — — — — — — 36.3 33.4 31.6 18.3 33.9 38.1 18.3 37.9
21 — — — — — — — — — — — — — — — — — — — — — 37.4 32.6 34.3 35.3 36.8 24.0 38.3
22 — — — — — — — — — — — — — — — — — — — — — — 36.5 13.8 24.5 27.0 17.4 32.2
23 — — — — — — — — — — — — — — — — — — — — — — — 23.2 15.5 35.6 12.1 33.7
24 — — — — — — — — — — — — — — — — — — — — — — — — 24.6 34.2 12.9 34.2
25 — — — — — — — — — — — — — — — — — — — — — — — — — 38.8 20.7 35.3
26 — — — — — — — — — — — — — — — — — — — — — — — — — — 37.5 36.4
27 — — — — — — — — — — — — — — — — — — — — — — — — — — — 30.6

LLaMa3.1-8B-It

i \ j 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31

0 21.1 17.3 17.4 17.7 18.1 19.2 19.1 19.5 21.2 22.2 20.5 22.6 22.5 20.6 21.9 21.1 22.0 20.1 19.1 22.1 19.7 20.1 22.0 20.3 20.6 19.5 19.8 20.2 19.8 20.0 20.5 20.6
1 — 21.9 17.1 17.9 17.5 17.9 18.4 19.9 20.4 22.7 20.5 22.7 22.4 20.9 21.9 20.7 21.0 20.2 20.7 21.2 20.9 19.3 21.8 20.9 21.1 19.6 20.2 21.2 20.1 19.7 20.7 20.9
2 — — 22.8 18.3 18.6 18.7 19.3 19.2 20.6 22.8 20.5 23.0 22.9 20.7 21.8 21.1 21.7 20.9 20.6 22.0 21.4 21.2 22.5 21.4 22.2 20.6 21.2 21.7 21.1 20.7 22.0 21.6
3 — — — 22.6 18.5 19.4 19.5 19.4 20.8 23.8 21.6 23.5 23.2 20.8 22.8 21.7 22.6 20.8 20.8 22.6 21.4 21.4 22.5 22.0 21.8 19.6 21.1 21.4 21.0 20.1 22.4 21.6
4 — — — — 21.7 18.1 19.0 19.4 19.6 22.9 20.9 22.2 22.6 20.6 22.4 20.8 21.0 20.1 20.1 20.8 21.3 20.2 21.6 20.9 21.6 12.8 18.2 20.6 20.8 11.3 21.0 21.5
5 — — — — — 22.3 18.8 19.0 20.7 22.1 20.7 22.3 22.9 20.5 21.8 20.5 21.6 20.8 21.5 22.4 21.4 21.2 22.7 21.5 22.0 19.3 20.7 21.1 21.0 20.7 21.9 21.3
6 — — — — — — 21.8 18.5 19.9 21.5 19.4 21.9 22.1 20.6 20.7 20.4 21.6 20.9 21.4 20.8 21.7 20.9 22.3 21.5 21.7 19.4 20.6 20.8 20.8 20.7 21.5 20.7
7 — — — — — — — 22.4 18.9 19.4 18.6 21.0 21.6 20.0 20.9 20.4 21.6 20.4 20.6 20.9 21.0 20.3 22.4 20.8 21.6 14.5 19.1 21.0 20.1 18.3 21.5 20.7
8 — — — — — — — — 23.0 20.9 18.6 21.1 22.4 20.9 23.0 21.6 23.3 22.4 22.7 23.2 23.2 23.7 24.2 23.6 23.6 21.9 22.4 23.5 24.0 23.8 23.8 23.1
9 — — — — — — — — — 24.7 18.7 20.4 23.6 21.4 22.9 22.7 24.4 23.0 22.7 23.7 24.0 23.7 24.9 24.0 24.7 23.3 23.4 23.7 24.3 23.7 24.4 23.8

10 — — — — — — — — — — 23.4 17.6 20.3 19.3 20.9 20.5 23.1 21.7 21.8 22.5 22.6 22.6 23.6 22.5 23.0 21.3 20.8 22.0 22.2 22.4 22.9 22.4
11 — — — — — — — — — — — 24.2 20.9 20.8 21.7 21.6 23.7 22.7 23.1 23.8 24.3 23.3 24.1 24.0 24.2 22.4 23.3 24.0 24.1 24.5 24.1 24.0
12 — — — — — — — — — — — — 24.5 20.8 22.5 21.7 23.4 22.7 23.3 23.8 24.2 23.5 24.3 23.9 23.7 22.2 23.5 23.6 23.3 23.1 24.1 23.0
13 — — — — — — — — — — — — — 23.1 20.0 19.5 20.9 20.0 20.6 20.3 21.1 20.7 20.7 21.3 21.6 19.6 20.6 21.5 21.0 20.6 21.7 21.9
14 — — — — — — — — — — — — — — 24.2 19.7 22.0 21.3 21.9 22.3 23.4 22.9 24.3 23.4 23.6 21.5 23.0 23.5 23.3 22.2 23.5 23.4
15 — — — — — — — — — — — — — — — 23.5 21.1 21.3 22.1 21.0 23.0 22.3 23.0 22.6 23.1 21.1 22.5 22.7 23.0 22.0 22.5 23.1
16 — — — — — — — — — — — — — — — — 22.9 20.9 21.2 21.3 21.9 20.9 22.0 22.0 21.8 20.7 21.0 22.2 22.4 20.2 22.0 22.0
17 — — — — — — — — — — — — — — — — — 21.9 21.0 21.2 21.3 20.2 22.4 20.9 20.7 20.0 20.7 21.6 20.9 20.9 20.6 21.0
18 — — — — — — — — — — — — — — — — — — 21.5 20.2 20.7 20.7 21.9 20.4 20.5 19.4 20.6 20.4 19.5 20.4 19.9 20.6
19 — — — — — — — — — — — — — — — — — — — 22.8 21.0 21.0 21.0 21.6 20.8 19.7 21.1 21.2 20.5 20.4 21.3 22.2
20 — — — — — — — — — — — — — — — — — — — — 21.9 20.5 21.3 20.7 20.5 19.6 20.9 21.9 20.6 20.4 20.9 20.8
21 — — — — — — — — — — — — — — — — — — — — — 21.1 21.7 19.7 19.5 19.4 20.4 20.8 19.1 19.6 20.0 20.5
22 — — — — — — — — — — — — — — — — — — — — — — 22.3 21.9 21.8 20.3 21.3 22.4 21.2 21.1 21.2 21.9
23 — — — — — — — — — — — — — — — — — — — — — — — 21.1 20.0 19.3 19.6 20.9 19.1 16.6 20.1 20.1
24 — — — — — — — — — — — — — — — — — — — — — — — — 21.4 19.0 19.0 20.4 18.8 17.2 20.2 20.6
25 — — — — — — — — — — — — — — — — — — — — — — — — — 21.9 13.7 18.6 19.2 16.6 20.0 21.4
26 — — — — — — — — — — — — — — — — — — — — — — — — — — 21.7 18.8 19.6 16.2 20.0 20.7
27 — — — — — — — — — — — — — — — — — — — — — — — — — — — 21.6 19.5 15.3 20.2 20.0
28 — — — — — — — — — — — — — — — — — — — — — — — — — — — — 20.9 13.2 19.2 20.8
29 — — — — — — — — — — — — — — — — — — — — — — — — — — — — — 21.1 12.3 20.3
30 — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — 20.0 18.5
31 — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — 14.8
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