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Abstract

Lens methods aim to decode intermediate rep-
resentations of large language models into vo-
cabulary predictions by training independent
translators for each layer. While this approach
provides insights into how the final response
emerges across layers, it overlooks the domi-
nant structure shared among them. We iden-
tify that per-layer alignment problems share a
dominant common structure: the first singular
component of per-layer translators explains 31—
64% of total spectral variance, 10-20x above
the unstructured baseline. Motivated by this
evidence, we propose AnchorLens, which ex-
ploits a global-local decomposition: a shared
full-rank matrix G maps layers into a common
coordinate system, while per-layer low-rank
adapters correct layer-specific residuals, trained
in two stages. AnchorLens achieves over 90%
parameter reduction relative to full-rank meth-
ods while matching TunedLens and outperform-
ing LoRALens on next-token prediction and lin-
ear shortcut evaluations across eight benchmark
tasks. These results hold across 16 models up to
120B parameters from five families: GPT-OSS,
Qwen3, Qwen2.5, OLMo2, and Gemma?2. Fur-
thermore, the shared coordinate system induced
by G enables geometric analyses inaccessible
to independent per-layer methods, including
quantification of inter-layer drift reduction and
empirical validation of non-degeneracy: post-
training adapter orthogonality confirms G ab-
sorbs the shared structure. Our code is publicly
available on GitHub.

1 Introduction

Large Language Models (LLMs) refine their inter-
nal representations across L layers before produc-
ing a final prediction. A central question in inter-
pretability is what these intermediate states encode,
and at which depth a model effectively commits
to its output (Elhage et al., 2021; Jastrzgbski et al.,
2018). Answering this question requires decoding
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Figure 1: AnchorLens architecture. Left: AnchorLens
is applied at each transformer layer, intercepting the hid-
den state h; before the vocabulary projection to produce
an intermediate prediction. Right: the two-stage trans-
formation at layer . A single shared, full-rank global
matrix G € R%*? maps h; into the common G-space
(h§ = Gh; + bg), placing all layers in the same coordi-
nate system. A per-layer low-rank adapter L; = B;C;
then applies a residual correction, yielding the aligned
hidden state h; = (I + L;)h$ + b;.

intermediate representations into human-readable
predictions, a task addressed by the growing family
of lens methods. The LogitLens (Nostalgebraist,
2020) applies the model’s unembedding matrix di-
rectly to each intermediate hidden state, but implic-
itly assumes that the residual stream at layer ¢ is
already aligned with the final-layer representation,
which does not generally hold across architectures.
TunedLens (Belrose et al., 2025) addresses this by
training a per-layer affine translator A; € R4*¢ for
each layer via distillation from the model’s own
final-layer output, substantially outperforming the
LogitLens. However, TunedLens trains L indepen-
dent full-rank matrices, at a cost of L(d*>+d) pa-
rameters that scales poorly with model depth L and
hidden dimension d. LoRALens (Trimigno et al.,
2026) reduces this by replacing each translator with
a low-rank factorisation A;=B;C;, achieving over
93% parameter reduction at modest performance
cost, but it still treats each layer independently,
leaving a source of statistical structure unexploited.
Motivation. We observe that the per-layer align-
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ment problems are not independent. Stacking
the vectorised TunedLens translators as rows of
M € REX® | the first singular component of M
accounts for 31-64% of the total spectral variance
across all models (mean 42%), compared to the
unstructured baseline of ~1/L ~ 2-4%: the trans-
lators share a dominant common direction in the
space of dxd matrices. Around 15% of available
directions explain 80-87% of each individual trans-
lator’s energy throughout most of the network. This
shared structure, consistent across 16 models from
five families (1B—120B parameters), is left entirely
unexploited by both TunedLens and LoRALens.
AnchorLens. We propose AnchorLens, a lens
architecture that exploits this structure via a global-
local decomposition (Figure 1). A single shared
affine map G is applied as a direct transforma-
tion to the hidden state at every layer, mapping
all representations into a common coordinate sys-
tem: hZG = Gh; + bg. Per-layer, low-rank adapters
then correct the remaining layer-specific residual:
R, = (I+L;)h{ +b;, where I is the identity matrix,
and L;=B,C; with rank r=|d/32]. AnchorLens
achieves over 90% parameter reduction relative
to TunedLens and JumpToConclusion (Yom Din
et al., 2024), at a parameter count nearly iden-
tical to LoRALens, while empirically matching
TunedLens performance and surpassing LoORALens
across all evaluated models and metrics. While Lo-
RALens achieves comparable parameter efficiency,
it treats each layer independently and cannot induce
a shared coordinate system; the geometric analyses
of §6.4, including cross-layer drift quantification
and adapter orthogonality, are structurally unavail-
able to it, regardless of its predictive performance.

In fact, beyond efficiency, the direct application
of GG to every layer induces a shared coordinate
system unavailable to per-layer methods, enabling
three analyses that TunedLens cannot support: we
show that GG reduces inter-layer representational
drift (mean covariance similarity 0.53 — 0.76 on
average across 16 models); that local adapters be-
come nearly orthogonal across layers after training
(mean off-diagonal similarity reduced by 63% on
average); and that per-layer adapter contributions
cross-validate the spectral motivation of §3. To-
gether, these results provide empirical support for
the AnchorLens design: G captures the shared ge-
ometric structure, each L; encodes layer-specific
corrections, explaining why the global-local fac-
torisation matches full-rank alignment at a fraction
of the parameter cost.

Contributions. Our contributions are fourfold.
(i) We identify, through joint spectral analysis of
TunedLens translator matrices, that the per-layer
alignment problem has dominant shared structure.
(ii) We propose AnchorLens, a global-local lens
architecture exploiting this structure via a shared
full-rank global transformation and per-layer low-
rank adapters, trained via a two-stage procedure.
(iii) AnchorLens achieves >90% parameter re-
duction over full-rank lens methods while match-
ing TunedLens performance across 16 models
from five families (GPT-OSS, Qwen3, Qwen2.5,
OLMo2, and Gemma2) on next-token prediction
and a linear shortcut evaluation on 8 benchmark
tasks. (iv) The shared coordinate system induced
by G enables unique cross-layer geometric analy-
ses, including drift reduction quantification and ex-
act validation of the factorisation’s non-degeneracy.
Paper organisation. §2 reviews background and
related work. §3 presents the spectral motivation.
§4 describes the AnchorLens architecture and train-
ing procedure. §5 details the experimental setup.
§6 presents the results and post-training analyses.

2 Background and Related Work

An LLM processes an input sequence through L
residual blocks, accumulating updates in a hidden
state hj+1 = h; + F;(h;), where F; captures the
combined attention and feed-forward computation
at block ¢ (Elhage et al., 2021). The final prediction
is softmax(LN(hz) Wy), where Wiy € RV is
the unembedding matrix and LN is LayerNorm.
We denote the model’s final-layer distribution as
f=i(h;), obtained by running the remaining L—i
blocks from h; and applying the unembedding.

A lens at layer ¢ is a parametric map ¢; :
R% — AlVI trained to approximate f-;(h;) from
h; alone, without running the remaining blocks.
TunedLens, LoRALens, and AnchorLens use the
forward Kullback-Leibler distillation objective
L; = Ez[Dxr(f>i(hi)||¢i(hi))], which ensures
the lens decodes only information the model has
encoded (Hewitt and Liang, 2019); JumpToCon-
clusion (Yom Din et al., 2024) instead minimises
the mean squared error between the aligned hidden
state and the final-layer hidden state, operating in
representation space rather than vocabulary space.

2.1 Related Work

Lens methods. The LogitLens (Nostalgebraist,
2020) sets ¢;(h;) = softmax(LN(h;) Wy ), requir-
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Figure 2: Spectral analysis of TunedLens translator matrices across 16 models. (a) Cumulative spectral energy py:
the first direction explains 31-64% of variance (mean 42%); dotted = unstructured baseline; shaded = min—max. (b)
Pairwise translator similarity (Qwen3-Next-80B-A3B-Instruct): banded structure confirms a shared global direction
across all layer pairs. (¢) Per-layer explained variance ay,(4) for the top 1%, 5%, and 15% of directions (shaded =
min-max): the non-uniform depth profile motivates per-layer local adapters. (d) Stable rank of residuals A;=A;— A:
all values fall strictly below r=|d/32] (dashed), justifying low-rank {L;}.

ing no training but implicitly assuming the residual
stream at layer ¢ already approximates the final-
layer representation, an assumption empirically
false for most architectures. TunedLens (Belrose
et al., 2025) addresses this with per-layer affine
translators {(/+A;),b;} trained via KL distilla-
tion over final-layer logits, establishing the design
principles AnchorLens inherits: self-distillation
and logit-lens warm-start. LoRALens (Trimigno
et al., 2026) reduces the L(d?+d) parameter cost
of TunedLens by replacing each full-rank A; with
a low-rank factorisation, motivated by the spec-
tral concentration of individual translator matrices.
AnchorLens advances LoRALens by additionally
identifying and factoring out the dominant struc-
ture shared across all layers into a jointly trained
global matrix (, matching the performance of
TunedLens while retaining the parameter efficiency
of LoRALens. However, in LoRALens, cross-layer
comparisons are not gauge-invariant because each
layer-specific translator defines its own latent ba-
sis up to arbitrary factorisation symmetries; An-
chorLens removes this ambiguity by introducing
a single shared transformation . JumpToConclu-
sion (Yom Din et al., 2024) trains per-layer full-
rank maps to minimise the mean squared error be-
tween intermediate hidden and final-layer hidden
states, thus operating in the representation space
rather than logit space.

Mechanistic interpretability. The residual stream
formalism of Elhage et al. (2021) motivates the
lens paradigm. If each layer writes incrementally
to a shared information bus, a linear map from h;
to the vocabulary should recover the information
accumulated up to layer ¢. The iterative inference
view of Jastrzebski et al. (2018) and Lombardo et al.
(2026), i.e, that residual blocks perform approxi-

mate gradient steps on the loss, further implies that
intermediate representations encode task-relevant
information at every depth, since each layer incre-
mentally refines the prediction. AnchorLens oper-
ates at layer granularity, complementary to circuit-
level interpretability (Wang et al., 2022; Conmy
et al., 2023), which identifies model components at
finer resolution.

Low-rank adaptation. LoRA (Hu et al., 2022)
decomposes weight updates as low-rank products
AW =BA, motivated by the low intrinsic dimen-
sionality of fine-tuning (Aghajanyan et al., 2021).
AnchorLens’s local adapters L;=B;C; adopt the
same factorisation structure and rank convention,
applying it to representation alignment rather than
weight updates. Adaptive rank allocation (Zhang
et al., 2023) is a natural direction for future work,
as the per-layer AKL analysis (§6.4) identifies the
first layers as most underserved by the shared G.
Knowledge distillation and representational
drift. Self-distillation from the model’s own out-
put, as used by all trained lens methods, is related
to the broader family of knowledge distillation
methods (Hinton et al., 2015; Sanh et al., 2019).
The inter-layer representational drift we quantify in
§6.4 was first characterised by Belrose et al. (2025)
and linked to rogue dimensions Timkey and van
Schijndel (2021); AnchorLens’s global transforma-
tion G reduces this drift empirically. The suffi-
ciency of affine alignment found in model stitch-
ing (Bansal et al., 2021; Csiszarik et al., 2021)
further support the affine lens parameterisation.

3 Motivating AnchorLens

We ground the AnchorLens design in a spectral
analysis of TunedLens translator matrices {4;}Z
across 16 models, establishing two properties:
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(1) the translators share dominant common struc-
ture, motivating a global component G; and (ii) the
layer-specific residuals are spectrally concentrated,
justifying a low-rank parameterisation for the local
adapters {L;}.

Shared structure across translators. Stacking
the vectorised translators as rows of M € RLxd”
and computing the thin SVD M = UXVT, the
cumulative spectral energy at rank k is:

Z?:l 4 ]2
Sy (D
> j=19;
Across all 16 models, the first singular component
accounts for 31-64% of the total spectral variance
(mean 42%), while the mean fraction of directions
needed to reach 80% of variance is 16.3% of L (Fig-
ure 2a). By comparison, if the translators were un-
structured, the baseline would give p; ~ 1/L ~ 2—
4%: the observed concentration is 10-20x above.
The stable rank || M ||%/o? ranges from 1.55% to
3.25% of L, confirming that the shared structure
spans multiple components rather than a single
dominant direction, motivating GG being full-rank
rather than a low-rank approximation.

This structure is not an artefact of TunedLens’s
specific parameterisation: repeating the same anal-
ysis on LoRALens translators yields consistent re-
sults across all 16 models (first component: 29—
56% of variance, mean 39%; stable rank: 2.15-
4.27% of L). The shared structure therefore reflects
a property of the underlying representations rather
than of any single lens’s parameterisation.

The pairwise Frobenius cosine similarity of
{A;} exhibits a banded, smoothly decaying struc-
ture with strictly positive off-diagonal entries
(Qwen3-Next-80B-A3B-Instruct in Figure 2b),
confirming that the shared structure is a smooth
global property and not a localised cluster effect.
Depth-dependent structure. To resolve how the
shared component distributes across individual lay-
ers, we compute the per-layer explained variance:
b1 (Uij 05)?

1 Ai]|7

the fraction of layer i’s translator energy cap-
tured by the top-k shared directions. As shown
in Figure 2c, the single dominant shared direc-
tion (k=1) explains on average 45-55% of in-
dividual translator energy across middle layers
(i/L € [0.15, 0.65]), rising from ~20% at the first
layer (i/L=0) to a broad plateau before declin-
ing toward the end. Including 15% of available

directions captures 80—87% of translator energy
throughout most of the network. The last layer is a
confirmed outlier across all models: all three curves
collapse near 10%, consistent with its anomalous
role at the boundary with the unembedding. The
non-uniform depth profile confirms that G alone
cannot uniformly align all layers and directly moti-
vates per-layer local adapters.

Residual structure. Subtracting the mean trans-
lator A = %ZZ A; as a proxy for the shared
component, we compute the stable rank of each
residual A; = A; — A. The result is universal:
srank(A;) < 2.46% of d across every layer of
every evaluated model (Figure 2d). By the Eckart—
Young—Mirsky theorem (Eckart and Young, 1936),
a low-rank approximation therefore captures the
dominant spectral energy of every residual, justi-
fying the low-rank parameterisation of the local
adapters introduced in §4.

Per-model analyses are given in Appendix A.

4 AnchorLens

The motivation analysis of §3 establishes that the
per-layer alignment problems share dominant com-
mon structure. This motivates decomposing the
alignment task into a layer-invariant global com-
ponent and a low-rank layer-specific residual. Fig-
ure 1 illustrates the resulting architecture.

4.1 Architecture

Global transformation. AnchorLens applies a
single shared affine map to the hidden state h; €
R? at every layer

h$ = Gh; + bg, (3)

where G € R%*4 is a full-rank matrix and b € R?
a shared bias, both trained in Stage 1 and then
frozen. GG must be full-rank: §3 shows that 7-13%
of singular directions account for 80% of inter-
layer spectral variance across evaluated models, so
a low-rank GG would systematically miss this en-
ergy. Unlike the per-layer residual form (/+A4;)
of TunedLens, G is a direct transformation: ini-
tialising G=14, b=0 recovers the LogitLens as a
principled warm-start, and applying the same full-
rank bijection to every h; maps all layers into the
coordinate system defined by G~!, enabling the
cross-layer analyses of §6.4.

Local adapters. A single G cannot resolve layer-
specific residuals (detailed in §6.4). The second
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Data Source  Train Tokens Eval Tokens
CommonCrawl 130.33M 10.83M
C4 65.72M 5.20M
ArXiv 11.52M 0.99M
GitHub 9.66M 0.92M
StackExchange 7.31M 0.54M
Wikipedia 1.95M 0.18M
Total 226.49M 18.66M

Table 1: Structure of the lens methods train and valida-
tion subsets, extracted from the SlimPajama corpus.

stage applies a per-layer, low-rank residual correc-
tion to the globally aligned state:

hy=(I+L)he +b;, L;=DBiC; (b
where B; € R¥™*", C; € R™*? b; € R? absorbs
layer-specific mean shifts, and r=|d/32|=3.13%
of d, following (Trimigno et al., 2026). The rank
constraint is spectrally justified: §3 establishes that
the stable rank of A;=A;— A is at most 2.46% of d
across every layer of every evaluated model, strictly
below 3.13%, confirming that a rank-r approxima-
tion captures the dominant spectral energy.
Complete transformation. Substituting Eq. 3 into
Eq. 4 yields the full AnchorLens affine map:

W= (G + LiG) hi + (b + Libe + b;) (5

with prediction p;(h;) = softmax(LN(h}) W),
where Wy and LN are frozen from the base LLM.

4.2 Two-Stage Training

Both stages minimise the forward KL distillation
objective:

L; = Eo[Dxi(f>i(hi) || pi(hi))] (6)

where f-;(h;) is the LLM’s final-layer distribution.
Distilling from the model’s own output ensures
the lens decodes only information the model has
encoded, avoiding the confound of external-label
probing (Hewitt and Liang, 2019).

Stage 1: Global alignment. With L; = O for all 4,
we jointly optimise {G, bg } over % >; L;. Train-
ing across all layers simultaneously gives G access
to L-fold aggregated gradient signal, making it a
statistically more efficient estimator of the shared
structure than any per-layer method (Baxter, 2000).
Stage 2: Local refinement. GG and b are frozen;
{B;, C;, b;} are initialised to zero via B; = 0 and
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Figure 3: Lens parameter count (left axis, billions) and
corresponding GPU training memory overhead (right
axis, GB) as a function of LLM active parameter count
(log—log scale). Active parameters are reported to ac-
count for MoE architectures. Annotations show exact
values for three representative models. AnchorLens
achieves >90% reduction relative to TunedLens across
all scales (e.g., 5.4B — 0.40B parameters and 85.9 —
6.4 GB at 72B parameters); its overhead over LoORALens
(one shared d x d matrix) diminishes with model scale.

optimised independently per layer. Freezing G pre-
vents per-layer gradients from corrupting the global
alignment and decouples Stage 2 into L indepen-
dent sub-problems, a greedy coordinate descent
over (G, Ly,...,Ly). Full hyperparameters and
training details are given in Appendix B. Sensitivity
to these design choices is reported in Appendix F.

4.3 Parameter Efficiency

AnchorLens requires (d*+d) + L(2dr+d) param-
eters. For large L, the per-layer count approaches
2dr, yielding a reduction of 1—2r/d ~ 93.75% rel-
ative to TunedLens and JTC (Belrose et al., 2025;
Yom Din et al., 2024), which both require L(d?*+d).
The overhead over LoRALens (Trimigno et al.,
2026) is one shared d x d matrix, amortised over L
layers and diminishing with model scale. Figure 3
shows the scaling across evaluated models: at 72B
parameters, AnchorLens requires 0.40B parameters
and 6.45 GB of GPU training memory compared
to 5.37B and 85.91 GB for TunedLens: a 92.5%
reduction in both quantities. Under fixed training
settings, training time is nearly identical across
methods; the GPU memory reduction can alterna-
tively be allocated to larger batch sizes, reducing
wall-clock training time proportionally. Per-model
counts are in Appendix B.

Inference latency. At inference, AnchorLens
applies two sequential affine maps per layer
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GPT-0OSS 20B GPT-OSS 120B
Method Train Inference Train Inference
LogitLens N/A 030 N/A 0.48
JTC 0.42 0.33 0.65 0.46
TunedLens 0.43 0.31 0.64 0.45
LoRALens 0.45 0.32 0.63 0.45
AnchorLens 0.42 0.31 0.64 0.46

Table 2: Training and inference latency (s/it) for all lens
methods on the GPT-OSS family. Lens computation is
negligible relative to the underlying LLM forward pass:
AnchorLens matches other methods at both training and
inference time despite its two-stage parameterisation.

(h;i = Gh;+bg — (I—I—Blc’z)()—l—bl) rather than
TunedLens’s single map. We measure this over-
head directly: across the GPT-OSS family, end-to-
end inference latency for all methods is essentially
the same, as lens computation is negligible relative
to the cost of the underlying LLM forward pass
(Table 2). More fundamentally, the two maps can
be collapsed algebraically into one: recalling the
combined transformation of Eq. 5, and rewriting it
in TunedLens’s residual form h} = (I+A;)h;+b;
gives

qu = (I—I-Li)G—I, b; = (I—FLZ‘)bG_l-bi, @)
so that h}; = (I+AS%)h; + b; exactly. Once trained,
AnchorLens can therefore be deployed as a sin-
gle per-layer affine map of exactly the same form
as TunedLens, making its inference cost provably
identical regardless of implementation.

5 Experimental Setup

Models. We evaluate all methods on 16 models
from five families: Qwen2.5 Dense (1.5B, 7B,
14B, 32B, 72B), Qwen3 MoE (30B-A3B, 80B-
A3B), GPT-OSS MoE (20B, 120B), OLMo2 Dense
(1B, 7B, 13B, 32B), and Gemma?2 Dense (2B, 9B,
27B) (Qwen, 2025a,b; OpenAl, 2025; Gemma,
2024). The set spans 1B—120B parameters, cov-
ering both dense and Mixture-of-Experts architec-
tures. Full identifiers are in Appendix B.1.

Data. Training uses a 226.49M-token subset of
SlimPajama (Soboleva et al., 2023); evaluation uses
a held-out 18.66M-token subset from the same dis-
tribution. Table 1 reports the per-source breakdown.
The same data are used for all methods.
Baselines. We compare against LogitLens (Nostal-
gebraist, 2020) (zero-parameter), TunedLens (Bel-
rose et al., 2025), LoRALens (Trimigno et al.,

2026), and JumpToConclusion (Yom Din et al.,
2024), which we will refer to as JTC. TunedLens,
LoRALens, and AnchorLens share the same opti-
misation configuration: AdamW (Loshchilov and
Hutter, 2019) with peak learning rate 1073, 25-step
linear warmup, linear decay, and 2'® tokens per
batch over 500 steps total. AnchorLens allocates
these as 300 steps for Stage 1 and 200 for Stage 2
(§4.2). JTC follows the configuration of Yom Din
et al. (2024) applied to our data. Full details and
hyperparameters are in Appendix B.
Experiments and metrics. We conduct three ex-
periments. Next-token prediction: KL divergence
and cross-entropy between the lens prediction and
the LLM’s final-layer distribution, evaluated layer-
wise on the SlimPajama validation set. Linear
Shortcut Ability (LSA): evaluated on eight bench-
marks (MMLU-Pro, GPQA-Diamond, MATH-500,
AIME-2024, AIME-2025, HumanEval, MBPP, and
IFEval), covering reasoning, mathematics, coding,
and instruction following (Wang et al., 2024; Rein
et al., 2023; Hendrycks et al., 2021; Chen et al.,
2021; Austin et al., 2021; Zhou et al., 2023), using
three metrics. Surprisal measures — log f~;(h;)t*
where t*=argmax; p;(h;)(t) is the lens’s top-
predicted token at layer ¢ and f-; is the final-layer
distribution: lower surprisal indicates better agree-
ment. Precision@ k measures the fraction of exam-
ples for which ¢t* appears among the top-k tokens of
the final-layer distribution (k € {1, 5}): higher is
better. Precision@ 1 reduces to exact agreement be-
tween the lens’s top token and the final layer’s top
token. Ablation: four configurations as described
in §6.3. Benchmark statistics are in Appendix B.

6 Results and Analysis

6.1 Next-Token Prediction

Figure 4 shows layer-wise KL divergence and
cross-entropy on the SlimPajama validation set for
Qwen3-Next-80B-A3B-Instruct. The method rank-
ing is identical across all 16 evaluated models; per-
model curves are in Appendix D. AnchorLens and
TunedLens are nearly indistinguishable throughout
on both metrics, confirming that the global-local
decomposition preserves alignment quality at over
90% parameter reduction. LoORALens follows the
same qualitative trend but sits above both across
middle layers: these are precisely the layers where
the shared structure identified in §3 is most dom-
inant, and where absorbing it into G provides the
largest gain over low-rank adapters alone. Log-
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Figure 4: Layer-wise KL divergence (left) and cross-
entropy (right) on the SlimPajama validation set
for Qwen3-Next-80B-A3B-Instruct. AnchorLens and
TunedLens are nearly indistinguishable throughout; Lo-
RALens trails consistently; LogitLens and JumpToCon-
clusion are substantially worse. Results for all 16 evalu-
ated models follow the same ranking (Appendix D).
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Figure 5: Linear Shortcut Ability on Qwen3-Next-80B-
A3B-Instruct: Surprisal (left), Precision@1 (centre),
and Precision@5 (right), averaged across 8§ benchmarks.
Per-benchmark curves are reported in Appendix E and
are nearly identical across tasks. AnchorLens and
TunedLens are indistinguishable on all three metrics;
LoRALens trails; LogitLens and JTC are at or near
chance for most of the network.

itLens remains essentially flat across most of the
network, reflecting its inability to correct repre-
sentational drift. JTC is high and erratic at early
layers, converging only near the final layers; this
instability is more pronounced on certain families.

6.2 Linear Shortcut Ability

Figure 5 reports Surprisal, Precision@1, and Pre-
cision@5 as a function of layer depth, averaged
across all eight LSA benchmarks for Qwen3-Next-
80B-A3B-Instruct. Per-benchmark curves are in
Appendix E: they are nearly identical across tasks,
confirming that the method ranking is task-agnostic
and that averaging is a faithful summary. Anchor-
Lens and TunedLens are again indistinguishable
on all three metrics. LoRALens is notably weaker,
with the gap most visible in Precision@1 and Pre-
cision@5 at early and middle layers, where the ab-
sence of a shared component leaves layer-specific
alignment underspecified. LogitLens and JTC re-

Kullback-Leibler
5 .
Cross-Entropy
. 5 .

Relative Layer Depth Relative Layer Depth

Figure 6: Ablation study: layer-wise KL (left)
and CE (right) for Qwen3-Next-80B-A3B-Instruct.
AnchorLens-G uses the global transformation only;
TunedLens-AvgG replaces all translators with the mean
A; TunedLens-LR replaces each translator with its rank-
r truncated-SVD approximation (r = |d/32]). Both
TunedLens variants show instability at early layers that
is more severe on other model families (Appendix C).

main at or near chance throughout most of the net-
work. A consistent pattern emerges across all meth-
ods: LSA metrics improve slowly through the mid-
dle of the network and rise sharply only in the final
15% of layers, confirming that task-specific pre-
dictions become linearly accessible from interme-
diate representations predominantly at late depth.
AnchorLens tracks this transition as faithfully as
TunedLens, demonstrating that the shared coordi-
nate system of §4 does not compromise the layer-
wise progression of task-relevant information.

6.3 Ablation Study

We compare four configurations to isolate the con-
tribution of each AnchorLens component: the
full model, AnchorLens-G (global transforma-
tion G only, no local adapters), TunedLens-AvgG
(TunedLens using the mean translator A as a shared
global, without adapters), and TunedLens-LR
(TunedLens with each translator replaced by its
best rank-r truncated-SVD approximation). Fig-
ure 6 shows the KL/CE curves for Qwen3-Next-
80B-A3B-Instruct; all models are given in Ap-
pendix C. Three findings emerge. First, local
adapters are individually necessary: AnchorLens-
G underperforms the full model throughout middle
layers, confirming that the layer-specific residual
cannot be absorbed by G alone, consistent with
the non-uniform depth profile of §3. Second, the
jointly trained G outperforms the post-hoc mean
A: TunedLens-AvgG is worse than AnchorLens-G
despite both being single-matrix translators applied
uniformly to all layers. Third, joint training out-
performs post-hoc compression: TunedLens-LR
is not consistently better than TunedLens-AvgG
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Figure 7: (a) Pairwise covariance similarity in raw-
space (z-axis) vs G-space (y-axis) for all models. Points
above the diagonal indicate drift reduction; average
shift 0.53—0.76. Models with low raw similarity (GPT-
OSS, OLMo) gain most; models already highly aligned
(Qwen2.5-3) show limited change. (b,c) Covariance
similarity in raw-space (b) vs G-space (c) for GPT-OSS-
120B. The gain (0.47) suggests strong drift reduction.

and exhibits erratic behaviour at early layers on
several model families (Appendix C), whereas An-
chorLens is stable across all evaluated models.

6.4 Analysis of the Shared Coordinate System

Because G is a fixed, full-rank bijection applied
identically to every layer, all G-transformed repre-
sentations {Gh; }L_; share a common coordinate
system, a structural property not naturally induced
by per-layer methods. We exploit this to examine
what GG achieves geometrically and how the local
adapters specialise within the shared space.

G Reduces Representational Drift. Following
the drift characterisation of Belrose et al. (2025),
we compute the mean pairwise Frobenius cosine
similarity between hidden-state covariance matri-
ces at each layer, in both raw and G-transformed
space. Across all 16 evaluated models, the mean
off-diagonal similarity increases from 0.53 (raw) to
0.76 (G-space) on average. Figure 7(a) shows the
per-model scatter, while Figures 7(b,c) show the
similarity heatmaps for GPT-OSS-120B. The im-
provement is concentrated in models with high raw
drift (< 0.6): GPT-OSS and OLMo families gain
0.32-0.47. For models whose translators are al-
ready highly aligned (Qwen2.5-3 families; > 0.7),
G has a limited effect (gain 0.02-0.19), which is
expected. Per-model results are in Appendix D.
Adapter Orthogonality. Figures 8(a—b) contrast
the pairwise similarity of {A;} and {L;} on GPT-
OSS-120B. The TunedLens translators form the
banded, slowly-decaying structure identified in §3;
had G failed to absorb the shared structure, {L;}
would be forced to recapture it, reproducing the
same pattern. Instead, after AnchorLens train-

TunedLens Translators AnchorLens Local Adapters

-1.0

Frobenius Cosine Similarity

0 10 20 30 0 10 20 30
Layer

Figure 8: Pairwise Frobenius cosine similarity of
TunedLens translators { A;} (banded, slowly decaying)
and AnchorLens local adapters {L;} (near-diagonal)
for GPT-OSS-120B. After training, G has absorbed the
shared banded structure, leaving { L; } orthogonal across
layers (75% reduction in mean off-diagonal similarity).
Per-model heatmaps in Appendix D.
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Figure 9: Per-layer KL improvement AKL; over G-
only for GPT-OSS 20B and 120B. First layer benefits
most, consistent with its lowest per-layer explained vari-
ance in §3. The qualitative trend is consistent across all
16 models (Appendix D).

ing, the mean off-diagonal similarity of the local
adapters falls by 75% relative to { A;} (range 41—
83% across 16 models; Appendix D), leaving each
L; to encode strictly layer-specific information.
This near-orthogonality is only meaningful under a
shared coordinate system: without a common refer-
ence space, as in TunedLens or LoRALens, cross-
layer adapter similarity is confounded by the domi-
nant shared direction. G has therefore absorbed the
shared alignment structure, and the factorisation is
non-degenerate across every model.

Per-layer adapter contribution. Let denote
AKL;=KL;(G only)—KL;(G+L;) the improve-
ment provided by each local adapter over G alone.
Figure 9 shows the depth profile for GPT-OSS 20B
and 120B; the qualitative trend is consistent across
all 16 models (Appendix D). Layer O consistently
provides the largest benefit (AKLg ~ 0.17-0.20),
consistent with its lowest per-layer explained vari-
ance (a1(0) ~ 0.18 §3): it is the layer most un-
derserved by the shared component GG. The benefit
decreases with depth, reflecting that G provides
progressively better coverage as representations ap-
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Layer LogitLens TunedLens AnchorLens-G AnchorLens
Prompt 1: “The capital of France is’’ (model output: Paris)

5(11%) Capital / capital / Capital_ the /a/its the / capital / located the / capital / a

10 (21%) capital / Capital / Le the/a/ _ the / Paris / a Paris /the / a

23 (49%) gy the / a/ not the /not/a the / a / not

37 (79%) IX I / Paris / Paris / the / _ the / Paris / a Paris / the / located

44 (94%) the / Paris / 228 Paris / the / a Paris / the / a Paris / Paris_ / _
Prompt 2: “She opened the door and walked” (model output: out)

0 (0%) walk / walk_ / walks into / to / away into / away / in away /into / in

6 (13%) walk / 7E T / walks up / over / through up / through / over up / through / over

14 (30%) 2/ FEBH / into out / into / down out / into / down out / into / down

23 (49%) #H21 JLE /into down / out / into down / into / out down / out / into

44 (94%) R HE into / out / in into / out / in out/into / in

Table 3: Top-3 predictions at five relative depths for two prompts (“The capital of France is” and “She opened the
door and walked”) on Qwen3-Next-80B-A3B-Instruct. “_" denotes a space token. Correct predictions are bolded.

proach the final-layer distribution. The agreement
between the spectral prediction of §3 and the em-
pirical per-layer contribution confirms the internal
consistency of the AnchorLens design.

6.5 Qualitative Decoding Examples

To complement the quantitative results above,
we show layer-wise top-3 predictions for two
prompts on Qwen3-Next-80B-A3B-Instruct, com-
paring LogitLens, TunedLens, AnchorLens-G (G-
only, no local adapters), and AnchorLens (Table 3).

For “The capital of France is” (model output:
Faris), LogitLens fails systematically from layers
13-36, producing non-English tokens rather than
coherent predictions: a direct consequence of the
representational drift characterised in §6.4. At lay-
ers 10 and 37, AnchorLens predicts Paris as its
top-1 token whereas AnchorLens-G predicts it only
as top-2: the local adapter provides a concrete,
token-level advantage at exactly the layers where
G alone is insufficient, consistent with the per-layer
AKL analysis of §6.4.

For “She opened the door and walked” (model
output: out), LogitLens copies the last input token
(walk) at layer 0O, then collapses to non-English
tokens from layer 6 onward, never recovering un-
til layer 45. AnchorLens and TunedLens instead
produce semantically valid English continuations
(into, away, up, through, out, down) from the very
first layer and are qualitatively indistinguishable
throughout: a token-level confirmation of the layer-
wise KL/CE parity reported in §6.1.

7 Conclusion

We introduced AnchorLens, a parameter-efficient
lens architecture grounded in a spectral observa-

tion: the per-layer alignment problems solved by
TunedLens share a dominant common structure,
with the first singular component of the stacked
translator matrix explaining 31-64% of the total
spectral variance (mean 42%) across 16 diverse
models with up to 120B parameters from five fam-
ilies (GPT-OSS, Qwen3, Qwen2.5, OLMo2, and
Gemma?2), 10-20x above the unstructured base-
line. AnchorLens exploits this by decomposing the
alignment into a shared, full-rank global transfor-
mation G and per-layer low-rank adapters {L;},
trained via a principled two-stage procedure. The
result is over 90% parameter reduction relative to
full-rank methods, while matching TunedLens per-
formance and surpassing LoRALens across all eval-
uated models and metrics. Beyond efficiency, the
shared coordinate system induced by G enables ge-
ometric analyses unavailable to per-layer methods,
including a quantified reduction in inter-layer rep-
resentational drift and empirical validation of the
non-degeneracy of the global-local factorisation.

Several directions remain open. Adaptive rank
allocation, i.e., assigning higher rank to layers
where G provides least coverage, as revealed by the
per-layer AKL profile, could potentially surpass
TunedLens at minimal parameter cost. Extending
the spectral motivation and AnchorLens architec-
ture to multimodal language models, where the
residual stream geometry may differ substantially
due to the interplay of visual and textual modalities,
is a natural direction: the per-layer explained vari-
ance o (7) and local adapter analyses of §6.4 could
identify layers that specialise in specific modali-
ties, with the shared G potentially capturing cross-
modal alignment structure.

54191



Limitations

Model-dependent drift reduction. The drift re-
duction result in §6.4 is heterogeneous across
model families. The drift reduction is concentrated
in models with high raw drift (GPT-OSS, OLMo2
families; raw covariance similarity < 0.6), achiev-
ing gain in 0.32-0.47. For models with high raw
covariance similarity (Qwen2.5-3 families; raw co-
variance similarity > 0.7), G provides a limited
drift reduction (gain 0.02-0.19), as it is optimised
for KL alignment rather than covariance similar-
ity. Therefore, it should not be interpreted as a
universal property.

Uniform rank allocation. The rank r=|d/32]
is fixed uniformly across all layers. The per-layer
AKL analysis (§6.4) shows that initial layers bene-
fit most from their local adapters, suggesting that
non-uniform rank allocation, i.e., assigning higher
rank to underserved layers, could improve perfor-
mance at equivalent or lower total parameter count.
This is not explored in the current work.

Evaluation scope. All evaluated models are pub-
licly available, pre-trained, instruct, or reasoning
language models. Multimodal models are not eval-
uated; their residual stream geometry may differ in
ways that affect the spectral motivation and the per-
formance of the global-local decomposition. This
will be explored in future work.
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A Supplementary Motivation Analyses

Table 4 and Figure 10 report per-model spec-
tral statistics and pairwise translator similarity
heatmaps complementing the cross-model analysis
of §3.

Per-model spectral statistics. Table 4 reports
four quantities for each evaluated model: the first
singular component’s share of total spectral energy
(p1), the fraction of directions needed to explain
80% of energy (pgoy,, as % of L), the stable rank
of the stacked translator matrix M (srank(M), as
% of L), and the stable rank of the per-layer resid-
uals A; = A; — A (srank(A), as % of d). Spec-
tral concentration is consistent across all model
families and scales: p; is elevated across all mod-
els, and srank(A) is strictly below the LoRA rank
r = |d/32] = 3.13% of d for every layer of every
evaluated model, confirming the universality of the
low-rank motivation for {L;}.

Pairwise translator similarity. Figure 10 shows
the pairwise Frobenius cosine similarity S;; =
(Ai, Aj)r/(|Aillp|lAjl|7) for all 16 evaluated
models. The banded, slowly-decaying structure
is consistent across families: nearby layers are
highly similar and similarity decreases smoothly
with |i — j|, confirming that the shared structure
identified in §3 is a global property of the translator
set rather than a localised cluster effect. The last
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layer is a mild outlier in several models (darker fi-
nal row and column), consistent with its anomalous
role at the boundary with the unembedding.

B Implementation Details

B.1 HuggingFace Model Identifiers

Table 5 reports the HuggingFace identifier for each
of the 16 evaluated models.

B.2 Training Hyperparameters

All trained lens methods (TunedLens, Lo-
RALens, and AnchorLens) are optimised with
AdamW (Loshchilov and Hutter, 2019) with peak
learning rate 1073, weight decay 0.01, gradient
clipping to norm 1, 25-step linear warmup, lin-
ear decay to zero, and 2'® tokens per batch over
500 steps total. AnchorLens allocates these as 300
steps for Stage 1 (optimising G and bg jointly
across all layers) and 200 steps for Stage 2 (op-
timising { B;, C;, b;} independently per layer with
G frozen).

Initialisation. @ is initialised to I; and b to O,
recovering the logit lens as a warm-start. In Stage 2,
B, is initialised to 0 and C; with the standard LoRA
initialisation (Hu et al., 2022) (random Gaussian
scaled by 1/4/7), so that L; = B;C; = 0 at the
start of Stage 2. Per-layer biases b; are initialised
to 0.

Hardware. All experiments are conducted on a
single NVIDIA H200 NVL 141 GB GPU. JumpTo-
Conclusion is trained following the original proce-
dure of Yom Din et al. (2024) applied to our data.

Software. All experiments are implemented us-
ing Pytorch and transformers libraries.

B.3 Per-Model Lens Parameter Counts

Table 6 reports exact lens parameter counts and
GPU training memory overhead (parameters, op-
timizer state, and gradients under AdamW) for
TunedLens, LoRALens, and AnchorLens across
all 16 evaluated models, complementing Figure 3
of the main paper.

B.4 LSA Benchmark Statistics

Table 7 reports statistics for the eight benchmarks
used in the Linear Shortcut Ability evaluation of

§6.

C Full Ablation Results

Figures 13—12 report layer-wise KL divergence
and cross-entropy for all four ablation condi-
tions (AnchorLens, AnchorLens-G, TunedLens-
LR, TunedLens-AvgG) across all 16 evaluated
models, grouped by model family. Results are
consistent with the findings reported in §6: An-
chorLens outperforms all ablations throughout the
network depth on every model, confirming that
both the global transformation G and the local
adapters {L;} contribute individually to perfor-
mance. AnchorLens-G (global-only) is consis-
tently second, confirming that G alone provides
a strong baseline from which the local adapters
correct the remaining layer-specific residuals.

The TunedLens-based ablations reveal quali-
tative instabilities that vary in severity across
model families. TunedLens-AvgG exhibits large
errors at early layers in most models, reflecting
that the mean translator A is a poor approxi-
mation to the KL-optimal shared component for
the first transformer layers. TunedLens-LR is
the most erratic: while it performs comparably
to TunedLens-AvgG on some models (GPT-OSS,
Qwen2.5-72B), it shows sharp, localised spikes in
KL and cross-entropy on Gemma2-27B, OLMo2-
7B, and OLMo2-1B, reaching values several times
higher than AnchorLens at the same depth. These
instabilities confirm that post-hoc rank-r SVD trun-
cation of per-layer translators is not a reliable sub-
stitute for jointly training a low-rank alignment
from scratch.

D Per-Model Empirical Results

This appendix provides complete per-model results
for the three empirical analyses reported in §6 and
§6.4: layer-wise next-token prediction (§D.1), pair-
wise translator and adapter similarity (§D.2), and
per-layer adapter contribution (§D.3).

D.1 Layer-Wise Next-Token Prediction

Figures 16-20 show layer-wise KL divergence and
cross-entropy for all five methods across all 16
models, grouped by family. The method ranking is
consistent throughout: AnchorLens and TunedLens
are nearly indistinguishable; LoRALens follows
closely; LogitLens and JumpToConclusion are sub-
stantially worse and exhibit erratic behaviour, most
pronounced at early layers. LogitLens reaches par-
ticularly high values on the Gemma2 family (up to
~12 nats KL on Gemma?2-27B), reflecting that this
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Model p1 (%)  psoy (%) srank(M) (%) srank(A) (%)
Gemma?2 2B 3791 24.00 2.64 0.87
Gemma?2 9B 31.36 26.83 3.19 0.76
Gemma? 27B 32.46 20.00 3.08 0.80
GPT-0OSS 20B 34.39 17.39 291 0.38
GPT-0OSS 120B 30.74 22.86 3.25 0.22
OLMo2 1B 52.02 20.00 1.92 1.84
OLMo2 7B 46.88 12.90 2.13 1.15
OLMo?2 13B 42.05 12.82 2.38 0.52
OLMo2 32B 42.40 9.52 2.36 0.42
Qwen2.5 1.5B 40.00 25.93 2.50 0.86
Qwen2.5 7B 43.32 18.52 2.31 0.84
Qwen2.5 14B 37.63 14.89 2.66 0.37
Qwen2.5 32B 43.95 11.11 2.28 0.60
Qwen2.5 72B 39.94 8.86 2.50 0.23
Qwen3 30B-A3B 53.47 10.64 1.87 0.74
Qwen3-Next 80B-A3B  64.37 4.26 1.55 1.76

Table 4: Per-model spectral statistics of TunedLens translator matrices. p;: share of total spectral energy in the
first singular component (% of || M ||). pgoo: fraction of singular directions required to explain 80% of spectral
energy (% of L). srank(M): stable rank of the stacked translator matrix M (% of L). srank(A): stable rank of
residuals A; = A; — A (% of d); all values are strictly below the LoRA rank r = |d/32] = 3.13% of d, confirming

the universality of the low-rank motivation for {L;}.

Model HuggingFace Identifier

Gemma?2 2B google/gemma-2-2b-it

Gemma?2 9B google/gemma-2-9b-it

Gemma?2 27B google/gemma-2-27b-it

GPT-OSS 20B openai/gpt-oss-20b

GPT-0OSS 120B openai/gpt-oss-120b

OLMo2 1B allenai/OLMo-2-0425-1B-Instruct
OLMo2 7B allenai/OLMo-2-1124-7B-Instruct
OLMo2 13B allenai/OLMo-2-1124-13B-Instruct
OLMo2 32B allenai/OLMo-2-0325-32B-Instruct
Qwen2.5 1.5B Qwen/Qwen2.5-1.5B-Instruct
Qwen2.5 7B Qwen/Qwen2.5-7B-Instruct

Qwen2.5 14B Qwen/Qwen2.5-14B-Instruct
Qwen2.5 32B Qwen/Qwen2.5-32B-Instruct
Qwen2.5 72B Qwen/Qwen2.5-72B-Instruct

Qwen3 30B-A3B Qwen/Qwen3-30B-A3B-Instruct-2507
Qwen3-Next 80B-A3B  Qwen/Qwen3-Next-80B-A3B-Instruct

Table 5: HuggingFace model identifiers for all 16 evalu-
ated models.

family’s residual stream geometry at early layers
departs most strongly from the final-layer distri-
bution. JumpToConclusion is consistently erratic
across families, confirming its poor empirical per-
formance relative to trained lens methods.

D.2 Pairwise Similarity: Full-Rank
Translators versus Low-Rank Adapters

Figure 21 shows pairwise Frobenius cosine sim-
ilarity heatmaps for both TunedLens translators
{A;} and AnchorLens local adapters {L;} for all
16 models. In every case, { 4; } exhibits the banded,
slowly-decaying structure identified in §3, while
{L;} is near-diagonal, confirming that G has ab-
sorbed the shared structure and that the factorisa-
tion is non-degenerate across all evaluated mod-
els and architectures. Two models display unusual
{A;} patterns: Qwen2.5-72B shows a cross-shaped
similarity structure, and OLMo2-1B shows a dis-
tinct block in the first few layers; in both cases the
{L;} heatmap remains near-diagonal, demonstrat-
ing that AnchorLens adapts correctly regardless of
the global similarity structure of the translators.

D.3 Per-Layer Adapter KL Contribution

Figure 22 shows the per-layer KL. improvement
AKL; = KL;(G only) — KL;(G + L;) for all 16
models. The finding reported in §6.4 generalises
universally: layer O provides the largest benefit in
every single model, and the contribution decreases
with depth throughout the network. The magnitude
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Figure 10: Pairwise Frobenius cosine similarity of TunedLens translator matrices { 4;} for all 16 evaluated models,
grouped by family. The banded, slowly-decaying structure is consistent across all architectures and scales: nearby
layers share high similarity, which decreases smoothly with |i — j|, confirming that cross-layer shared structure is a
universal property of trained per-layer translators. The last layer is a mild outlier in several models (darker final row
and column), consistent with its anomalous role identified in §3.

of AKLg varies across models and families (from
~(0.15 on GPT-OSS-120B to ~0.60 on Gemma2-
9B), reflecting differences in how much the first
transformer layer’s representation departs from the
shared global alignment. Qwen2.5-72B exhibits
a noisier profile, consistent with the cross-shaped
translator similarity structure noted in §D.2. In
all cases the final layer shows the smallest AKL,
confirming that G provides its best coverage at
the network boundary closest to the vocabulary
projection.

E Linear Shortcut Ability: Full Results

This appendix provides per-model LSA results
aggregated across benchmarks (§E.1) and per-
benchmark LSA results for the representative
model (§E.2), completing the analysis of §6.

E.1 Per-Model Results
(Benchmark-Averaged)

Figures 23-27 report layer-wise Surprisal, Pre-
cision@1, and Precision@5, averaged across all
eight benchmarks, for all 16 evaluated models
grouped by family. The method ranking is con-
sistent with the main text: AnchorLens and
TunedLens are near-indistinguishable on all three
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TunedLens LoRALens AnchorLens
Model Params (B) Mem (GB) Params (B) Mem (GB) Params (B) Mem (GB)
Gemma?2 2B 0.14 2.21 0.01 0.14 0.01 0.22
Gemma2 9B 0.54 8.63 0.03 0.54 0.05 0.75
Gemma?2 27B 0.98 15.63 0.06 0.98 0.08 1.32
GPT-OSS 20B 0.20 3.19 0.01 0.20 0.02 0.33
GPT-0OSS 120B 0.30 478 0.02 0.30 0.03 0.43
OLMo?2 1B 0.07 1.07 0.00 0.07 0.01 0.13
OLMo2 7B 0.54 8.59 0.03 0.54 0.05 0.81
OLMo2 13B 1.05 16.78 0.07 1.05 0.09 1.47
OLMo?2 32B 1.68 26.85 0.11 1.68 0.13 2.10
Qwen2.5 1.5B 0.07 1.06 0.00 0.07 0.01 0.10
Qwen2.5 7B 0.36 5.76 0.02 0.36 0.04 0.57
Qwen2.5 14B 1.26 20.14 0.08 1.26 0.11 1.68
Qwen2.5 32B 1.68 26.85 0.11 1.68 0.13 2.10
Qwen2.5 72B 5.37 85.91 0.34 5.38 0.40 6.45
Qwen3 30B-A3B 0.20 3.22 0.01 0.20 0.02 0.27
Qwen3 80B-A3B 0.20 322 0.01 0.20 0.02 0.27

Table 6: Lens parameter counts (billions) and GPU training memory overhead (GB; parameters + optimizer state +
gradients under AdamW) for TunedLens, LoRALens, and AnchorLens across all 16 evaluated models. Memory is

computed in bfloat16.

Benchmark Num. Samples Task Type Answer Type

MMLU-Pro 12,032 Multi-domain reasoning / QA 10-choice multiple choice
GPQA-Diamond 198 Graduate-level scientific reasoning  4-choice multiple choice
MATH-500 500 Mathematical reasoning Open-ended numerical / symbolic
AIME 2024 30 Competition mathematics Integer answer (0-999)

AIME 2025 30 Competition mathematics Integer answer (0-999)
HumanEval 164 Code generation Python function completion
MBPP 974 Code generation Short Python program

IFEval 541 Instruction following Constrained free-form text

Table 7: Statistics for the eight LSA benchmarks. Task types cover reasoning, mathematics, coding, and instruction

following.

metrics across every model; LoRALens trails both
but remains well above LogitLens and JumpToCon-
clusion.

The universal pattern of a sharp late-layer rise
in Precision@]1 and Precision@5 is present in ev-
ery model: task-relevant information becomes lin-
early accessible predominantly in the final 15-25%
of layers, regardless of model family, size, or ar-
chitecture. LogitLens and JumpToConclusion fail
to decode this information effectively throughout
most of the network, with Precision@ 1 near zero
at early and middle depths. Two models show a
more extreme version of this pattern: OLMo2-1B
(Figure 25) and Gemma2-2B (Figure 24), where
all methods produce near-zero Precision@ 1 until
i/L =~ 0.80, after which performance rises steeply.
This suggests that these smaller models concentrate
task-relevant information more sharply in the final
layers than larger models in the same families.

E.2 Per-Benchmark Results

Figure 28 shows Surprisal, Precision@1, and Pre-
cision@5 for each of the eight LSA benchmarks
individually on the representative model (Qwen3-
80B-A3B). The curves are nearly identical across
all benchmarks for every method, confirming that
averaging across benchmarks in §6 is a faith-
ful summary and that the method ranking is not
task-specific. The only modest variation across
benchmarks is in the absolute level of Surprisal at
early layers: AIME-2024 and AIME-2025 exhibit
higher Surprisal throughout, reflecting the greater
difficulty of competition mathematics relative to
multiple-choice tasks; the Precision@1 and Preci-
sion@5 rankings are nevertheless preserved across
all benchmarks and depth levels.

F Design Choice Sensitivity

This appendix reports sensitivity analyses for four
design choices fixed in the main text: the two-stage
training procedure (§F.1), the Stage 1/Stage 2 step

54197



G G

Kullback-Leibler Cross-Entropy

g N N
3 O_R”“—'\ _R

0.0 0. 0. 0. 0. .0 0.0 0. 0. 0. 0. .0
Relative Layer Depth Relative Layer Depth

Figure 11: Ablation: KL divergence (left) and cross-
entropy (right) for the OLMo2 family. Instability of
TunedLens-LR and TunedLens-AvgG increases with
decreasing model size: both ablations are relatively
smooth on OLMo02-32B and increasingly erratic on
OLMo02-7B and OLMo2-1B. AnchorLens remains sta-
ble and consistently lowest across all four models.

allocation (§F.2), the local adapter rank (§F.3), and
the rank of the global transformation G (§F.4). All
experiments are conducted on GPT-OSS 20B and
GPT-0OSS 120B, using the same training configu-
ration as the main text (§4.2) except for the varied
factor under study. In addition to KL and CE on the
SlimPajama validation set, we report two auxiliary
metrics introduced in §6.4: G-Sim, the mean off-
diagonal pairwise covariance similarity in G-space
(higher indicates a stronger shared coordinate sys-
tem), and L-Spec, the mean off-diagonal pairwise
Frobenius cosine similarity of the local adapters
{L;} (lower indicates more specialised, less redun-
dant adapters).

The overall conclusion across all four sweeps is
that the design choices adopted in the main text are
near-optimal: results are robust to moderate per-
turbation, and degrade only under substantial de-
viations from the defaults, each in an interpretable
way that reinforces the design rationale of §4.
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Figure 12: Ablation: KL divergence (left) and cross-
entropy (right) for the Qwen2.5 family across five model
scales. TunedLens-LR shows erratic behaviour on
smaller models (1.5B, 7B, 14B) and becomes smoother
at larger scales (32B, 72B), while remaining above An-
chorLens at every scale. The gap between AnchorLens
and AnchorLens-G is consistent across scales.

F.1 Is the Two-Stage Procedure Necessary?

We compare the original two-stage procedure
(Stage 1: G only, 300 steps; Stage 2: {L;}
only, G frozen, 200 steps) against two alternatives:
JointStage2, in which G remains trainable through-
out Stage 2 alongside {L; }; and JointStages12, in
which G and {L; } are optimised jointly from step 1,
with no separate global-alignment phase.

Fully joint training (JointStages12) is worse on
every metric on both models: KL and CE both de-
grade, G-space alignment weakens substantially
(G-Sim falls from 0.743 to 0.618 on 20B; 0.606
to 0.540 on 120B), and adapters are less spe-
cialised (higher L-Spec). This is consistent with the
coordinate-descent argument of §4.2: allowing per-
layer gradients to influence G throughout training
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Figure 13: Ablation: KL divergence (left) and cross-
entropy (right) for the Gemma?2 family. TunedLens-
AvgG exhibits large early-layer errors on all three mod-
els; TunedLens-LR shows pronounced instability on
Gemma?2-27B, with sharp spikes throughout the middle
of the network. AnchorLens is stable and lowest across
all depths.

prevents it from converging to a stable shared align-
ment before the adapters begin fitting layer-specific
residuals.

Keeping G trainable in Stage 2 (JointStage?2) is
a more subtle case. It achieves a small KL/CE
improvement over the original procedure on both
models (e.g., KL 0.601 vs. 0.604 on 20B; 0.438 vs.
0.444 on 120B, a difference of under 1% in both
cases). However, its adapters are consistently less
specialised than the original procedure’s (L-Spec
0.178 vs. 0.164 on 20B; 0.095 vs. 0.086 on 120B).
We interpret this as a genuine, small trade-off: al-
lowing G to continue adapting during Stage 2 lets it
absorb a small amount of layer-specific signal that
would otherwise be captured by {L; }, marginally
improving raw predictive performance at the cost of
the clean separation between global and local struc-
ture that the two-stage procedure is designed to pro-
duce. Since a central contribution of AnchorLens
is the interpretability enabled by this separation
(§6.4), we adopt the original two-stage procedure,
freezing GG before training the local adapters.

F.2 Training Step Allocation

We vary the allocation of the fixed 500-step
training budget between Stage 1 and Stage 2,
sweeping {25/475,100/400,200/300, 300/200,
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Figure 14: Ablation: KL divergence (left) and

cross-entropy (right) for the GPT-OSS family. Both
TunedLens ablations are substantially above Anchor-
Lens; TunedLens-AvgG is particularly high at early
layers. AnchorLens-G is close to full AnchorLens, indi-
cating that G absorbs most of the alignment benefit for
this family.

Condition KL CE G-Sim L-Spec
GPT-0SS 20B

Original (2-stage) 0.604 2.230 0.743  0.164

JointStage?2 0.601 2.206 0.715 0.178

JointStages12 0.628 2.284 0.618 0.184
GPT-0SS 120B

Original (2-stage) 0.444 2.603 0.606  0.086

JointStage?2 0.438 2.580 0.602  0.095

JointStages12 0463 2.625 0.540 0.127

Table 8: Two-stage training vs. joint alternatives. G-
Sim: mean off-diagonal covariance similarity in G-
space (higher is better). L-Spec: mean off-diagonal
adapter similarity (lower is better).

400/100,475/25}; the main text uses 300/200.
Results are robust across a wide central range:
allocations from 200/300 to 400/100 all achieve KL
within 0.008 of the 300/200 default on both models,
with G-Sim consistently above 0.72 (20B) and 0.59
(120B). Only the two most extreme allocations de-
grade performance substantially, and in each case
the degradation is interpretable. At 25/475, Stage 1
is too short for G to converge: G-Sim collapses
to 0.510 (20B) and 0.522 (120B), the lowest val-
ues in the sweep, and the resulting poorly-aligned
G forces the local adapters to compensate, yield-
ing the highest L-Spec values observed (0.308 and
0.100). At 475/25, the opposite failure occurs: with
only 25 steps for Stage 2, the local adapters barely
move from their zero initialisation. This is visible
directly in L-Spec, which falls to near zero (0.033
on 20B; 0.002 on 120B), not because the adapters
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Figure 15: Ablation: KL divergence (left) and cross-
entropy (right) for the Qwen3 MoE family. TunedLens-
LR exhibits persistent bumpiness throughout the net-
work on both models; TunedLens-AvgG is smoother but
remains well above AnchorLens. The gap between An-
chorLens and AnchorLens-G is small, consistent with
the Qwen3 family having high raw translator similarity

(§6.4).

have achieved ideal specialisation, but because they
remain close to B; = 0 and are therefore trivially
dissimilar to one another. This undertraining is con-
firmed by the substantially degraded KL at 475/25
(0.697 on 20B, 0.503 on 120B, both far above the
300/200 default). The 300/200 allocation used in
the main text is near-optimal by KL, CE, and G-
Sim on both models, and is not an arbitrary choice.

F.3 Local Adapter Rank

We vary the local adapter rank r = [d/k]| for
k € {8,16,32,64}; the main text uses k=32, mo-
tivated by the universal stable-rank bound of §3
(srank(A;) < 2.46% of d, strictly below r=3.13%
of d at k=32).

On GPT-OSS 120B, KL is essentially flat across
the full range (A < 0.004 nats from k=8 to k=64),
and CE shows no consistent trend with rank. On
GPT-OSS 20B, there is a small but consistent im-
provement with higher rank: moving from k=32
to k=8 (four times the rank) improves KL by
0.014 nats, at 2.78x the parameter cost (56.1M
vs. 20.2M). This is a favourable trade-off in nei-
ther direction: the marginal gain from additional
rank is small relative to its parameter cost, and
the default k=32 already captures the great ma-
jority of achievable performance on both models.
Higher-rank adapters are also consistently less spe-
cialised (higher L-Spec) at both scales, indicating
that as rank increases, adapters increasingly absorb
structure that could otherwise be captured by G

Kullback-Leibler Cross-Entropy
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Figure 16: Layer-wise KL (left) and CE (right) for the
Gemma?2 family. LogitLens reaches up to ~12 nats
on Gemma?2-27B; JumpToConclusion is high and er-
ratic throughout. AnchorLens and TunedLens are near-
identical across all three models.

alone. This is consistent with the interpretation that
a larger local adapter partially duplicates, rather
than complements, the shared coordinate system.
These results confirm empirically that the stable-
rank bound motivating » = |d/32] in §3 is not
merely a conservative theoretical bound but closely
tracks the point of diminishing empirical returns.

F.4 Global Transformation Rank

We vary the rank of G itself, r¢ = |d/k] for k €
{1,8,64}, where k=1 (full rank) is used in the
main text. For £ > 1, GG is parameterised as a low-
rank factorisation with the same total parameter
budget structure as the local adapters.

Low-rank G causes severe performance degrada-
tion: at k=8, KL increases by 42% on 20B and 66%
on 120B relative to full-rank G, and CE increases
even more sharply on 120B (2.603 — 3.510). This
is by far the largest effect observed across all four
sensitivity sweeps in this appendix, and directly
supports the spectral argument of §3 that the shared
structure across translators spans multiple singular
directions and cannot be captured by a low-rank G.

The G-Sim column requires care in interpreta-
tion. Low-rank G achieves higher G-Sim than
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Figure 17: Layer-wise KL (left) and CE (right) for
the GPT-OSS family. JumpToConclusion shows pro-
nounced instability in the final layers on GPT-OSS-
120B (cross-entropy plot). AnchorLens and TunedLens
track closely throughout both models.

full-rank G (0.947-0.970 vs. 0.743 on 20B), which
might appear to indicate a stronger shared coordi-
nate system. We do not believe this reflects genuine
improvement: a low-rank G necessarily projects all
hidden states into a subspace of dimension rg < d,
which mechanically inflates covariance similarity
between layers regardless of whether meaning-
ful alignment has occurred, since all representa-
tions are confined to the same low-dimensional
subspace. This is corroborated by the L-Spec col-
umn, which is substantially worse (higher) for low-
rank G (0.400-0.427 vs. 0.164 on 20B): the local
adapters, denied a well-aligned global component
to build on, must instead compensate for G’s in-
adequacy, and in doing so lose their layer-specific
specialisation. Taken together, the KL/CE degrada-
tion and the L-Spec increase indicate that the high
G-Sim under low-rank G is an artefact of represen-
tational collapse rather than of improved alignment,
and that full-rank G is a necessary component of
the design rather than a conservative default.
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Figure 18: Layer-wise KL (left) and CE (right) for the
OLMo2 family across four scales. JumpToConclusion
is erratic on all four models; the instability is most pro-
nounced on OLMo2-1B. AnchorLens and TunedLens
are near-identical throughout.

Stagel/Stage2 KL CE G-Sim L-Spec
GPT-0OSS 20B
25/475 0.812 2.652 0.510 0.308
100/400 0.631 2264 0.667 0.201
200/300 0.608 2.239 0.728  0.159
300/200 0.604 2230 0.743 0.164
400/100 0.612 2234 0743  0.159
475/25 0.697 2325 0.677  0.033
GPT-0OSS 120B
25/475 0.598 3.032 0.522  0.100
100/400 0461 2.637 0592 0.115
200/300 0442 2.603 0.599  0.090
300/200 0444 2603 0.606  0.086
400/100 0456 2.638 0.604  0.065
475/25 0.503 2.790 0.592  0.002

Table 9: Sensitivity to the Stage 1/Stage 2 step allocation
(budget fixed at 500 steps). G-Sim and L-Spec as in
Table 8.
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Figure 19: Layer-wise KL (left) and CE (right) for the
Qwen3 MoE family. LogitLens is flat and high through-
out, consistent with the Qwen3 residual stream requir-
ing substantial alignment. JumpToConclusion shows
moderate but persistent elevation above AnchorLens.
AnchorLens and TunedLens are essentially on top of
one another.

k KL CE Params L-Spec
GPT-0OSS 20B

8 0590 2219 56.1M  0.198

16 0599 2225 322M  0.188

32 0.604 2230 202M @ 0.164

64 0.610 2.241 143M  0.153
GPT-0SS 120B

8 0444 2.603 81.0M  0.097

16 0443 2.606 447M  0.091

32 0444 2603 265M  0.086

64 0447 2611 17.5M  0.080

Table 10: Sensitivity to the local adapter rank r =
|d/k]. Params reports total local adapter parameters
(all L layers).

k KL CE Params G-Sim L-Spec
GPT-0OSS 20B

1 (full-rank) 0.604 2.230 202M  0.743  0.164

8 0.855 2.733 14.IM  0.947  0.400

64 0.897 2965 123M 0970 0427
GPT-0SS 120B

1 (full-rank) 0.444 2.603 26.5M  0.606  0.086

8 0.738 3.510 203M 0978  0.291

64 0.784 3.742 185M 0973  0.324

Table 11: Sensitivity to the rank of the global transfor-
mation GG. Params reports the total parameter count of
G plus all local adapters combined.

Kullback-Leibler Cross-Entropy

Qwen2.5 1.5B

Qwen2.5 7B

Qwen2.5 14B

Qwen2.5 32B
1

Qwen2.5 72B

0] T T T 1 | T T T 1

0.00 O. 0. 0 0. .00 0.00 O. 0. 0 0. .00
Relative Layer Depth Relative Layer Depth

Figure 20: Layer-wise KL (left) and CE (right) for
the Qwen2.5 family across five scales. JumpToCon-
clusion is particularly erratic on Qwen2.5-7B, -14B,
and -32B. LogitLens reaches high cross-entropy values
on Qwen2.5-72B at the final layers. AnchorLens and
TunedLens are near-identical at every scale.
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Figure 21: Pairwise Frobenius cosine similarity of TunedLens translators { A;} (odd columns) and AnchorLens
local adapters { L; } (even columns) for all 16 evaluated models. { A;} consistently shows banded structure; {L;} is
near-diagonal in every case, confirming that GG absorbs the shared alignment structure universally.
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Figure 22: Per-layer KL improvement AKL; of local adapters over G-only for all 16 evaluated models. Layer O

consistently provides the largest benefit; the profile decreases with depth in every model, cross-validating the
spectral prediction of §3.
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Figure 23: LSA metrics (Surprisal, Precision@1, Precision@5) averaged across 8 benchmarks for the Qwen2.5
family. AnchorLens and TunedLens are near-indistinguishable across all five scales; the performance gap over
LoRALens is consistent throughout the network.
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Figure 24: LSA metrics averaged across 8 benchmarks for Gemma2-2B and Gemma2-27B (Gemma2-9B follows
the same trend and is omitted for space). Gemma2-2B shows near-zero Precision@1 until i/L ~ 0.75, with all
methods rising sharply in the final layers. JumpToConclusion is particularly erratic on Gemma2-27B.
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Figure 25: LSA metrics averaged across 8 benchmarks for the OLMo2 family. OLMo2-1B shows the most abrupt
late-layer rise: Precision@ 1 remains near zero until /L ~ 0.85, then rises steeply. The pattern is progressively
earlier with increasing model size. AnchorLens and TunedLens are near-identical at every scale.
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Figure 26: LSA metrics averaged across 8 benchmarks for the GPT-OSS family. AnchorLens and TunedLens are
essentially indistinguishable on all three metrics for both models. LogitLens shows a pronounced Surprisal drop
only in the final 25% of layers, consistent with its poor intermediate alignment.
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Figure 27: LSA metrics averaged across 8 benchmarks for the Qwen3 MoE family. The late-layer rise occurs
at i/L =~ 0.80 for both models. AnchorLens and TunedLens are near-identical; LoRALens is visibly below on
Precision@1 and Precision@5 throughout the network.
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Figure 28: Per-benchmark LSA metrics (Surprisal, Precision@1, Precision@5) for Qwen3-80B-A3B across
all evaluated benchmarks. Curves are near-identical across benchmarks for every method, confirming that the
benchmark-averaged results in §6 are representative. AIME benchmarks show slightly higher Surprisal at early
layers, consistent with their greater task difficulty; the method ranking is preserved throughout.
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