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Abstract. Representation lenses expose layer-wise predictions in LLMs.
Current methods rely on full-rank affine maps with quadratic cost. How-
ever, spectral evidence across multiple model families shows these maps
are intrinsically low-rank. We propose LoRA-Lens, a low-rank residual
alignment mechanism that reduces parameters by over 95% while preserv-
ing fidelity to the model’s final output. Experiments on OLMo, Qwen,
and Gemma (up to 32B) demonstrate strong fidelity, large memory sav-
ings, robust transfer to instruction-tuned models, and effective early-exit
inference.

1 Introduction

Large language models (LLMs) develop rich internal representations as predic-
tions evolve across layers, and intermediate activations often encode key semantic
and predictive signals [1, 2]. Representation lenses aim to expose these layer-wise
predictions by projecting hidden states onto the output vocabulary space.
Background. LogitLens [3] first introduced direct projection via the unem-
bedding matrix; however the mismatch between intermediate and output spaces
often yields incoherent predictions. TunedLens [4] addresses this misalignment
via learned per-layer affine maps; subsequent variants have extended the idea
to applications: multi-token prediction [5], early prediction recovery [6], and
localized representational analysis [7]. However, all such lenses require O(H2)
parameters per layer, with H being the latent space dimension. For modern
LLMs, this results in billions of extra weights and large training data require-
ments, making lens-based interpretability a significant challenge.
Motivation and contributions. We investigated whether lenses truly require
a quadratic parameterization. By performing a spectral analysis of learned affine
transformations across several model families using three standard SVD-based
metrics: effective rank [8], spectral energy ratio [9], and participation ratio [10].
We found that the lens mappings operate in a highly compressed subspace.
Figure 1 shows an example on the OLMo family (1B-32B): the effective rank
remains below 3% of H, most spectral energy lies in the top 50% components,
and the participation ratio lies amid values near half of H. These findings indi-
cate that low-rank formulations may capture the essential predictive structure
while substantially reducing parameter cost. Motivated by this evidence, our
contributions are: (1) we introduce LoRA-Lens, a low-rank residual alignment
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Fig. 1: Spectral analysis of TunedLens [4] on the OLMo family. Metrics are averaged
across layers: (a) Mean effective rank, (b) Spectral energy ratio, and (c) Mean partic-
ipation ratio. All indicate a highly compressed subspace of the latent representation.

mechanism inspired by LoRA [11], using rank-constrained updates to align inter-
mediate states, reducing complexity (over 95% fewer parameters) while preserv-
ing alignment fidelity; (2) we show robust transfer from base to instruction-tuned
variants; and (3) we demonstrate the presence of linear shortcuts and their prac-
tical utility for early-exit inference.
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Fig. 2: Relative alignment fidelity between LoRA-Lens and TunedLens versus param-
eter count. k=32 offers the best trade-off between efficiency and fidelity.

2 Methodology

Let an LLM be defined by L layers with hidden dimension H and vocabulary
size V . Let hℓ ∈ R

H denote the hidden state at layer ℓ, and WU ∈ R
V×H the

pre-trained unembedding matrix. A representation lens maps hℓ to a vocabulary
distribution zℓ approximating the model’s final prediction zL. Full-rank lenses
learn a per-layer affine map Wℓ ∈ R

H×H producing logits zℓ = softmax(WU (hℓ+
Wℓhℓ)), whose O(H2) parameters dominate the cost.
Low-Rank Lenses. LoRA-Lens replaces Wℓ with a low-rank residual update
aligning hℓ to the output space via Aℓ ∈ R

H×r and Bℓ ∈ R
r×H , with r ≪ H:

zℓ = softmax(WU (hℓ +AℓBℓhℓ)) .

This reduces complexity from O(LH2) to O(LHr) and the learnable parameters
per layer from H2 to 2Hr (about 94% fewer when H = 4096, r = 128).
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Fig. 3: Per-layer KL divergence comparison between TunedLens and LoRA-Lens on
the SlimPajama validation subset. (a) Qwen family; (b) largest OLMo (32B), Qwen
(32B), and Gemma (27B) models.

Training. Training uses a 226M-token SlimPajama [12] subset (Table 1). We
optimize Aℓ and Bℓ for 500 steps using AdamW using a batch size of 218 tokens.
The objective minimizes the KL divergence to the final layer, encouraging each
lens to anticipate the model’s prediction.

Subset CC C4 ArXiv GitHub StackEx Wiki Total
Train 130.33M 65.72M 11.52M 9.66M 7.31M 1.95M 226.49M
Eval 10.83M 5.20M 0.99M 0.92M 0.54M 0.18M 18.66M

Table 1: Tokens composition of the LoRA-Lens train and validation subsets.

Rank Selection. The rank scales with the hidden size as r = ⌊H/k⌋. We
evaluate k ∈ {4, 16, 32, 64} on OLMo 7B, Qwen 7B, and Gemma 9B to identify a
good trade-off between parameter efficiency and fidelity. To quantify fidelity, we
introduce the Relative Alignment Fidelity (RAF), defined as the mean absolute
difference between the per-layer KL divergences produced by LoRA-Lens and
TunedLens :

RAF =
1

L

L
∑

ℓ=1

∣

∣

∣
KLLoRA-Lens

ℓ −KLTunedLens

ℓ

∣

∣

∣
.

Jointly considering RAF and parameter overhead, k = 32 provides the best
balance, yielding substantial parameter reduction with negligible loss in align-
ment fidelity (Figure 2).

3 Experiments and Results

We evaluate LoRA-Lens along five axes: (1) Per-layer fidelity ; (2) Memory

requirements ; (3) Transferability from base to instruction-tuned models; (4) La-
tent linear shortcuts ; and (5) Early-exit inference. Experiments cover three
model families: OLMo (1B–32B) [13], Qwen (1.5B–32B) [14], and Gemma (2B–
27B) [15]. We compare our approach against TunedLens, the full-rank baseline.
Fidelity. Figure 3 shows that LoRA-Lens closely matches the TunedLens across
architectures and scales. For Qwen, OLMo, and Gemma models, the average
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per-layer KL difference remains small. Looking at the RAF: 0.12 for OLMo
(1B-32B), 0.15 for Qwen (1.5B-32B), and 0.14 for Gemma (2B-27B), indicating
that low-rank alignment preserves predictive fidelity across model sizes.

100 101 102

10−2

10−1

100

101

102

OLMo1B
67.11M

Gemma2B
138.02M

OLMo7B
536.87M

Qwen14B
1.26B

Qwen32B
OLMo32B

1.68B

Qwen72B
LLaMa70B

5.37B
LLaMa405B

33.82B

4.19M

8.63M

33.55M

78.64M

104.86M

335.54M

2.11B

Parameters (B)

100 101 102

OLMo1B
134.22MB

Gemma2B
276.04MB

OLMo7B
1.07GB

Qwen14B
2.52GB

Qwen32B
OLMo32B
3.36GB

Qwen72B
LLaMa70B
10.74GB

LLaMa405B
67.65GB

8.39MB

17.25MB

67.11MB

157.29MB

209.72MB

671.09MB

4.23GB

Gradients (GB)

Full-Rank Lens
LoRA Lens

100 101 102

OLMo1B
536.87MB

Gemma2B
1.10GB

OLMo7B
4.29GB

Qwen14B
10.07GB

Qwen32B
OLMo32B
13.42GB

Qwen72B
LLaMa70B
42.95GB

LLaMa405B
270.58GB

33.55MB

69.01MB

268.44MB

629.15MB

838.86MB

2.68GB

16.91GB

Optimizer State (GB)

Model Parameters (B)

Fig. 4: Log-log Memory comparison (parameters, gradients, optimizer state) for full-
rank lenses vs. LoRA-Lens. Lighter bars correspond to large models evaluated only for
memory usage.

Memory Requirements. Figure 4 summarizes memory use, including two
larger LLaMA models (70B and 405B) analyzed only for this metric. The low-
rank formulation yields an average 95% reduction in parameters, gradient mem-
ory, and optimizer state, scaling linearly with model size.
Transferability. We test whether lenses trained on base models generalize
to their instruction-tuned counterparts without retraining. LoRA-Lens and
TunedLens trained on base Gemma 27B, Qwen 32B, and OLMo 32B are applied
directly to their instruction-tuned versions and evaluated on AlpacaEval [16].
As shown in Figure 5a, KL divergence remains low and close to lenses trained
natively on instruct models (TunedLensIT ): TunedLens transfers with 0.06–
0.13 RAF, and LoRA-Lens with 0.16–0.28. Despite the slightly larger gap with
Gemma 27B, the alignment geometry is largely preserved across the models, in-
dicating that low-rank lenses maintain robust transfer under instruction tuning.
Latent Linear Shortcuts. We evaluate whether intermediate representations
permit accurate linear decoding. Using lenses trained on base models and applied
to instruction-tuned variants, we measure (1) Precision@k for k ∈ {1, 5} and (2)
Surprisal, the negative log-likelihood of the lens’ top-1 prediction under the
final distribution. Across OLMo 32B, Qwen 32B, and Gemma 27B, LoRA-
Lens matches TunedLens closely, with Precision@1 and Precision@5 differences
in the 0.04–0.08 and 0.04–0.09 ranges, respectively, and surprisal differences
in 0.71–1.32. Figure 5b shows that Precision@1 increases sharply after mid-
depth, exceeding 80% agreement with the final output, validating that decisive
information emerges early and lies within the low-rank subspace captured by
LoRA-Lens.
Early Exiting. Beyond interpretability, we further evaluate LoRA-Lens in a
downstream early-exit setting. Following [17], inference halts at layer ℓ when
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Fig. 5: (a) Transfer from base to instruction-tuned models (KL divergence). (b)
Linear shortcut behavior on instruct models using transferred lenses.

the confidence gap between top logits satisfies

∆i > 0.9λ+ 0.1e−4i/N ,

with λ ∈ [0, 1] controlling sensitivity and N the average input length. Using
only lenses trained on base models, we evaluate Qwen 32B-instruct, OLMo 32B-
instruct, and Gemma 27B-instruct on AlpacaEval and report Exit Rate (fraction
of tokens halted early) and Exit Precision (agreement with the final prediction).
LoRA-Lens reduces latency by early exiting on about 50% of tokens early while
maintaining over 90% agreement with the final output (Figure 6), demonstrating
the reliability of low-rank latent predictions in downstream settings.
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Fig. 6: Early-exit evaluation on AlpacaEval by varying the threshold λ.

4 Conclusion and Discussion

We introduced LoRA-Lens, a low-rank alternative to full-rank lenses, motivated
by spectral evidence that affine maps act in compressed subspaces. By replacing
quadratic transformations with rank-constrained updates, we reduce parameters
by over 95% while preserving alignment fidelity and achieving linear complexity
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with respect to H. Experiments show strong per-layer accuracy, large memory
savings, robust transfer, and effective early-exit inference, indicating that low-
rank parameterizations are sufficient for scalable lens-based interpretability. A
remaining limitation is that the fixed rank rule (k=32) may not be optimal across
architectures; exploring adaptive per-layer ranks and extending the method to
multimodal or sparse-expert models are promising directions.
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