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Abstract

We investigate whether code quality metrics are linearly encoded in the activation
space of Large Language Models (LLMs). Using Contrastive Activation Addition
(CAA) and linear probes, we analyze three open-weight models across seven
code quality metrics. Linear probes achieve R%? > 0.68 for four of the seven
metrics, showing strong linear encodings across all three models. Steering vector
analysis reveals that the Halstead metrics and Cyclomatic Complexity form a
cluster, while Comment Ratio remains largely orthogonal. We evaluate generation
quality, finding that steering Comment Ratio and Maintainability Index produces
monotonic, controllable changes across most models and steering strengths, with
minimal degradation in Pass@1 at moderate o. Our results show that LLMs
implicitly learn linear representations of code quality, and that steering vectors are
a viable training-free mechanism for inference-time control.

1 Introduction

The analysis of Large Language Models has detailed the Linear Representation Hypothesis (LRH)
[7] which states “that high-level concepts are represented linearly in the representation space of a
model.” A key result is intervention via steering vectors injected during inference. Steering vectors
have been applied across many domains: reducing sycophancy and hallucination in general-purpose
LLMs [10], eliciting truthful responses via probe-weighted intervention [3], and controlling output
sentiment and toxicity [12].

Even though LLMs are known for their coding abilities, the domain lacks research on the use of
steering vectors for controllable code generation. Style2Code [13]] looked into controllable code
generation with contrastive representation learning, while [9] showed steering vectors exist for
languages and libraries. However, neither work examines whether code quality metrics are linearly
encoded in LLM activations. Motivated by overly-verbose and poorly written code, this is a natural
investigation. We summarize our novel contributions as follows:

* Linear Representations. We show that, across layers, LLMs linearly encode code quality
metrics. This is shown through linear probes, for four of seven metrics, with R? > 0.68

(Section [3.1).

* Steering Vectors. LLMs produce steering vectors for code quality metrics that fall into two
groups: Halstead and related metrics and Comment Ratio (Section [3.2).
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* Controllable Generation. Across an o sweep, steering vectors for Comment Ratio and
Maintainability Index show a monotonic increase in affected metric in isolation of generation
correctness (Section ).

2 Methodology

2.1 Setup: Models, Datasets, and Metrics

Models. We analyze 3 models: two general-purpose, instruction models (Llama 3.1 8B Instruct [1]]
and |Gemma 2 9B-IT [L1]) and one coding model (Qwen 2.5 Coder 14B Instruct [8]]). Each of these
models is instruction-tuned, so we apply standard chat templates. A detailed breakdown of layers and
dimensions can be found in Appendix[A.1]

Datasets. For steering vector extraction, we utilize The Stack v2 [4]. We begin by gathering 40k
Python files and filtering as follows: an accepted file must be less than 7000 characters and valid
syntactically. From there, we de-duplicated and turned all top-level scripts into a function to match
our downstream evaluation setting (function completion) and to properly compute metrics. This
leaves us a dataset of 20k files.

Metrics. We compute the following metrics with the radon package: cyclomatic complexity,
maintainability index, comment ratio, Halstead volume, Halstead difficulty, Halstead effort, and
source lines of code. These are extremely well-studied metrics in software engineering literature,
some having been around since the 1970s. Complete descriptions and formulas can be found in
Tablem Importantly, between 30 and 50% of files fell at the metric minimum, so to not dilute our
analysis, we omit these boundary examples when computing linear probes (Section [3.1)) and steering
vectors (Section [3.2).

2.2 Activation Extraction

For both linear probes and steering vectors, we extract hidden states from each layer of the model.
Given a code sample d;, a single forward pass yields a sequence of hidden states hft € R™ for each

token position ¢ € {1,...,7;} and layer £ € {0, ..., L}, where m is the model dimension, 7T is the
sequence length of d;, / = 0 denotes the embedding layer, and ¢ = L denotes the final layer.

‘We then reduce to obtain a single vector per sample per layer. This leaves two pooling strategies:
last-token pooling, h{ = h{ ;.. and mean pooling, h{ = - S"/* h!,. We discuss the choice of
pooling strategy in Section 3.1 However, unless otherwise noted, we use mean pooling.

3 Analysis

In the following sections, we show proof that LLMs linearly encode code quality metrics with linear
probes and steering vectors. Both, in different ways, exhibits a linear representation.

Table 1: Code quality metrics used in this work. For Cyclomatic Complexity: F = edges, N = nodes,
and P = connected components in the control flow graph. For Halstead metrics: N1, Ny are the total
operator and operand counts. 7, 72 are the unique operator and operand counts. N = N; + Ny and

n=1m+ .
Metric Description Formula
Cyclomatic Complexity (CC) [S]  Number of independent code paths CC=FE—-N+2P
Maintainability Index (MI) [6] 0 to 100 score; higher = more maintainable M1 =171 — 5.2In(HV) —0.23 - CC — 16.2In(SLOC)
Comment Ratio (CR) Fraction of lines that are comments CR = Leomment/ Lot
Source Lines of Code (SLOC) Non-blank, non-comment lines SLOC = Liotar — Lilank — Lcomment
Halstead Volume (HV) [2] Effort to encode the program HV = Nlog,n
Halstead Difficulty (HD) [2] Effort to understand the code HD = (m1/2) - (Na/n2)
Halstead Effort (HE) 2] Volume x Difficulty HE =HV xHD
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Figure 1: (a) Linear probe R? test scores per layer for Llama 3.1 8B Instruct (mean pooling). Each
line corresponds to a code quality metric; scores are generally stable across layers with a sharp drop
at the final layer. Additional plots for Gemma 2 and Qwen 2.5 can be found in Figure (b) Best R?
test score per metric across all three models with mean pooling, selecting the best layer per metric.

3.1 Linear Probes

With the activations collected in Section we train linear probes to test whether code quality
metrics are linearly encoded in the latent space of the model. For each metric ¢; and layer ¢, we train
a linear probe F; ; : R™ — R of the form:

Fje(hf) =w/ i +bj, ey
where w; , € R™ and b; o € R are learned by minimizing the ridge objective:
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We let A = 1.0 and report R? on a final test set (10%). We evaluate both mean and last-token
pooling strategies. However, in all cases, except for Gemma SLOC and Gemma HV, mean pooling
outperforms last token. Thus, in all future analysis, we select mean pooling.

As shown in Figure[Tb] all models have relatively the same encoding statistics. This shows that each
model learns, roughly, similar encodings for each metric. The models, with ease, linearly encode
metrics related to length of input (source lines and comment ratio). This is anticipated given that
SLOC and CR are related to sequence length. Importantly, HD and MI are also highly linearly
enQCOded with R?2 > 0.68. HV, CC, and HE also have some considerable linearly encoding with
R* > 0.42.

Figures|Taland [ each show a similar trend: linear representations are learned early and drift over
time, often taking large downward turns in the latest layers. This suggests that deeper layers learn
more complex representations of these metrics. Across the three models, metrics appear in a similar
order. Halstead Volume is considerably tighter to cyclomatic complexity and Halstead Effort in
Gemma 2 than Qwen 2.5 and Llama 3.1.

3.2 Steering Vectors

Contrastive Activation Addition. We use Contrastive Activation Addition (CAA) [10] to derive
steering vectors for each code quality metric ¢;. Given our dataset D and the jth metric, we rank
the files by their ground-truth metric value ¢;(f;) and drop the min- and max-valued examples

as discussed in Section We define the top and bottom p% subsets as ]—“f ={fieD:

¢;(fi) 2 Q1-py100} and F;- = {fi € D : ¢;(fi) < Qpjr00} Where Q14100 and Q100 are the
corresponding percentiles of ¢; over D. Using difference-of-means, the steering vector at layer £ is
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Figure 2: Steering vector cosine similarity matrices for (left) Llama 3.1 8B Instruct (layer 29),
(middle) Gemma 2 9B-IT (layer 40), and (right) Qwen 2.5 Coder 14B Instruct (layer 46), all with
p = 50. The Halstead metrics (HV, HD, HE) and CC form a tightly aligned cluster, while CR and MI
are largely orthogonal or negatively correlated with this cluster.

then computed as

1 1
vil= =5 2w - 2w 3
|75 il =
T fieFf 7 fieF;

where hy) € R4 is the hidden state of file fi atlayer £. Atinference time, the hidden state is modified
as

0" — ph 0
h') =h'Y + « v, (@]
where « is a tunable steering coefficient. We sweep p € {10, 25,50} to assess sensitivity to class
boundary selection. Visualizations used p = 50, generation uses p = 10.

Relationships. Across models, the metrics each take a distinct pattern. The Halstead metrics
(HV, HD, HE) are tightly clustered, as expected. Cyclomatic complexity joins this grouping as it is
approximately parallel (> 0.8). SLOC is less parallel, but still largely related to the Halstead metrics.
Maintainability index is roughly anti-parallel with this cluster, as well, which is expected, given that
the formula is negatively related to HV, CC, and SLOC. Comment Ratio is largely orthogonal to
each metric, except for Maintainability Index. We select comment ratio due to orthogonality and

maintainability index due to its representation of the aforementioned cluster as a steering candidates
in Section 4.1

Counterintuitively, Qwen 2.5 Coder, the model fine-tuned for coding tasks, is the least disentangled:
each of the cosine similarities is roughly 0.05 to 0.15 higher than Gemma and Llama. Metric
correlations in the dataset can be found in Figure[5] Steering cosine similarities mainly follow the
correlation, though, the models entangle CC and SLOC more than the underlying metrics. The reason
for this is unknown. The layer-wise dynamics of these metrics are discussed in Appendix [B3]

4 Evaluation

We evaluate generation quality on[BigCodeBench [[14], with o = 0 serving as the unsteered baseline
across all experiments. Steering is applied exclusively on generated tokens, there is no effect on
pre-fill.

4.1 Pass@1 Steering

Across nine steering strengths per model, Table [2]reports Pass@1 and mean percentage change in
Comment Ratio (CR) and Maintainability Index (MI) relative to the o = 0 baseline. As is standard
for Pass@1, we use greedy decoding and generate a single example. Because the models occupy
different latent spaces, we use model-specific « grids. Llama 3.1 8B-Instruct spans [—1, 1], Gemma
2 9B-IT spans [—2, 2], and Qwen 2.5 Coder 14B spans [—10, 10], each sampled at four symmetric
steps (see Table[5). Llama and Gemma are each steered at Layer 30, Qwen at Layer 38, and steering
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Table 2: Pass@1 results on BigCodeBench under CAA steering. Each row corresponds to a steering
strength . ACR% and AMI% report the mean percentage change in Comment Ratio and Maintain-
ability Index relative to the baseline across generated completions. Bold and underline denote the
best and second-best Pass@ 1 within each model column, respectively. See Table[5]for raw « values
per model.

Llama 3.1 8B-Instruct Gemma 2 9B-IT Qwen 2.5 Coder 14B
Comment Ratio Maintainability Index Comment Ratio Maintainability Index Comment Ratio Maintainability Index
a ACR% Pe@l1t ‘ AMI% P@It H ACR% P@I1t ‘ AMI% P@It ACR% P@I1t ‘ AMI% P@l1t

—az —11.0£23.8 0.291 | —-0.1£5.2 0.292 || —14.3£39.0 0.323 —-1.3£74 0328 || —11.4£23.2 0.451 —0.8+£4.5 0461
—ay —4.6£19.0 0304 | -0.1£4.2 0.283 —-9.2+£33.9 0.324 -1.0£6.5 0.330 —6.5£19.0 0.461 —-0.5£34 0.459

—aq —-1.0+16.6 0.304 0.0+£3.1 0.304 —4.7+£236 0.321 —-0.6+52 0.323 —-2.8+14.2 0458 —0.1+£23 0.458
0 0.0+£0.0 0.307 0.0+£0.0 0.307 0.0£0.0 0.312 0.0£0.0 0.312 0.0+£0.0 0463 0.0+0.0 0.463
aj +2.94+25.7 0304 | +0.1£3.3 0.316 +1.8+26.4 0.320 +0.7+£5.7 0321 +5.1+284 0461 +0.2+£31 0454

+7.8+49.2 0.325 +1.6+83 0.324
+11.2+£62.2 0.321 +1.7+£9.1 0.326
+13.8£65.2 0.322 | +2.44+10.2 0.325

+8.8+£375 0.454 +0.2+4.0 0.459
+12.0£40.6 0.425 +0.4+£5.1  0.202
+15.3£43.5 0.270 | +2.7+£11.0 0.009

s +4.4+271 0302 | —02+£3.9 0.309
az +6.3+288 0280 | —04+46 0.311

I
—ay  —169+£308 0.269 | —0.6+5.7 0.257 || —18.3+42.7 0.322 —1.5+81 0330 || —18.0+28.6 0.413 —1.4+£6.0 0.406
g +12.1+£41.8 0.238 | —1.1+6.4  0.260

vectors are built with p = 10. We steer CR and MI independently and discuss Pass@1 results below.
Pass @5 results under identical conditioning are deferred to Appendix [C.1}

Across each model, Comment Ratio expresses strong steering signal. Mean change in comment
ratio is monotonically increasing with «, showing the linear representation of Comment Ratio within
models. a1, +as, =as have no impact on Pass@1. In the case of Gemma, we find that steering
+ay causes the model to improve generation quality.

Similar steerability is observed for Maintainability Index. With the exception of Llama 3.1, MI
increases monotonically with a. The reason for Llama’s poor MI steering is unknown, but likely,
MI has a complex representation, not well traversed by steering vectors. For Llama and Gemma,
steering moves towards a subspace with favorable Pass@1 generations. Susceptibility to oversteering
is witnessed in Qwen with a3, a4 resulting in poor generation quality. The takeaway is clear, LLMs
linearly represent code quality metrics and this can be used for controllable generation without
disrupting quality.

4.2 Analysis of Model Outputs

While there is a clear linear relationship between the steering strength v and the percentage change
in the two steering attributes demonstrates, we notice that for any single value of «, the standard
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Figure 3: Visualizations of comment ratios of generated code from Qwen 2.5 Coder 14B in the
baseline case and with steering strength a;3. Left: Distribution of comment ratios in generated
code From with no intervention (top) and steering (bottom). Right: Scatter plot of prompts by the
comment ratio of generated code with no intervention and the net change in comment ratio with
steered generation. Regression line indicates a clear negative relationship.



Llama 3.1 8B-Instruct Gemma 2 9B-IT Qwen 2.5 Coder 14B

Not Steered Steered || Not Steered Steered ||  Not Steered Steered |
Comment Ratio 0.0£0.0 +22.5 +120.1 0.0£0.0 +8.8+37.5
Prompted +35.2+404 43794438 || +152.5£172.3 +157.3£175.3 || +26.8+50.4 +32.9+53.0

Not Prompted

\
Not Prompted ‘ 0.0+0.0 4444271
Prompted ‘

Maintainability Index 0.0£0.0 +0.1£3.3 H 0.0£0.0 +1.3£5.2 H 0.0£0.0 +0.2+£4.0 ‘

+0.3 £3.2 —0.1+3.9 —0.4+10.3 +0.72+£11.1 +0.1£3.5 +0.5+4.1

Table 3: Percent change in each target metric relative to the per-model baseline, across prompting
and steering conditions. Steering strength as used across models.

deviation of the change in steering attributes is unusually high. To better understand this variance, we
conduct an exploratory data analysis of the distribution of steerable attributes in the generated output
code.

Our results, for comment ratio on Qwen 2.5 Coder 14B, can be found in FigureE} Here, we observe
that as expected, the mean comment ratio of the generated code increases with steering. However, we
also notice that the distribution of comment ratios in generated code tends to place more weight on
the tails without intervention, and to be more clustered around the mean with intervention.

The mechanism by which this occurs can be seen in the scatter plot on the right. Here, we observe a
negative correlation between the comment ratio in code generated in the baseline and comment ratio
in steered code. That is, prompts that generate code with low comment ratios in the baseline case tend
to be significantly improved by steering, while prompts that generate code with high comment ratios
in the baseline case can actually be degraded. Similar results are observed across models, steering
strength, and attributes.

These results suggest that steering’s linear behavior occurs in the aggregate, rather than on the scope
of individual examples. It may also mean that steering tends to map activations towards a region
of latent space that leads to lower variance in model outputs. In this sense, steering may act as an
implicit temperature control on the steered attribute, leading to more consistent model outputs.

4.3 Steering with Prompting

To compare the efficacy of steering to alternative methods, we compared the change in relevant
attributes when the model is steered towards them to the change in that attribute when it is simply
prompted to elicit the desired result. For comment ratio and maintainability index, we appended the
following suffixes to each prompt:

e Comment Ratio: “Include inline comments explaining each step.”

* Maintainability Index: “Prioritize generating simple, maintainable code.”

We evaluated model outputs both with these prompts alone and when the prompts are used in
combination with steering. Results can be found in Table [3] Evaluation was done on the full
BigCodeBench dataset.

The results indicate that on comment ratio, steering alone is less effective than prompting alone.
However, on both models tested, a combination of steering and prompting for the desired result led to
the largest increase in performance. On maintainability index, prompting failed to cause the expected
result. And, while the high variance of steering results for fixed-o may not appear significant, the
linear trend with respect to @ show in in Section[d.T] verify that improvement from steering is valid
signal.

5 Conclusion

Discussion. We ask do LLMs linearly encode code quality metrics? to which we assert the
answer is yes, backed by linear probe and steering vector analysis. Even though LLMs are not
trained on code quality metrics, they internally approximate them. As shown in Section {1} this
allows for controllable generation of Comment Ratio and Maintainability Index without degradation
in benchmark performance. Therefore, steering vectors a plausible alternative to prompting for
inference-time intervention and demonstrate utility when used in combination with prompting.



Limitations. Our work is limited to Python, it remains to be seen if similar results are present in
other major languages. We extract activations on a general code dataset (The Stack v2) and steer on
a function completion benchmark (BigCodeBench). This is a possible distribution misalignment,
however, our steering results would likely only improve.

Additionally, due to computational restraints our results were limited to relatively lightweight reason-
ing models. Validation of similar results on large state-of-the-art reasoning models would provide
further evidence for the practical utility of steering for code quality.

Future Work. Similar analysis for general software engineering anti-patterns and well-designed
systems remains open work. Analysis into the relationship between languages has been done [9], but
could be merged with our work for deeper insight.
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A Models and Evaluation Setting

A.1 Model Information

Table 4: Model architectures. L denotes the number of transformer layers and d the hidden dimension.

Model L d
Llama 3.1 8B Instruct 32 4096
Gemma 2 9B Instruct 42 3584

Qwen 2.5 Coder 14B Instruct 48 5120

A.2 Alphas Per Model

Table 5: Raw « values used per model.

—Quy -3 —Qy —ap O a1 Qo a3 Oy
Llama 3.1 8B-Instruct -1 =075 —-05 —-025 0 025 0.5 0.75 1
Gemma 2 9B-IT -2 —-1.5 -1 —-0.5 0 0.5 1 1.5 2
Qwen 2.5 Coder 14B —10 7.5 -5 -25 0 2.5 5 7.5 10

B Additional Analysis

B.1 Gemma and Qwen Linear Probes

Linear Probes Over Time (gemma?2 9b, mean pooling, all metrics) Linear Probes Over Time (qwen2.5_coder_14b, mean pooling, all metrics)
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Figure 4: Linear probe R? test scores per layer for (a) Gemma 2 9B-IT and (b) Qwen 2.5 Coder 14B
Instruct (mean pooling). Each line corresponds to a code quality metric. Results are consistent with
Llama 3.1 8B Instruct (Figure[T): SLOC and Comment Ratio are most linearly encoded, while CC
and Halstead Effort are weakest. Notably, Halstead Volume is considerably tighter in Gemma 2 than
Qwen 2.5 and Llama.
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B.2 Maetric Correlations in Data

Metric correlations
T
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Figure 5: Correlations between code quality metrics computed on the Stack v2 dataset. The Halstead
metrics (HV, HD, HE) are strongly intercorrelated (p > 0.86) and moderately correlated with CC

and SLOC, while CR is largely uncorrelated with all other metrics. MI is negatively correlated with
the Halstead cluster and SLOC.

B.3 Principal Angle Emergence

Principal Angles Over Layers: llama3.1 8b Principal Angles Over Layers: gemma2 9b Principal Angles Over Layers: qwen2.5 coder 14b.

Figure 6: Principal angles between pairs of steering vector subspaces across layers for (a) Llama 3.1
8B Instruct, (b) Gemma 2 9B-IT, and (c) Qwen 2.5 Coder 14B Instruct. Line color denotes the first
metric and linestyle denotes the second. Angles near 0° indicate highly aligned subspaces and angles
near 90° indicate orthogonality. The angles between steering vectors are largely unchanged across
layers and consistent between models, suggesting similar relative relationships.
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C Additional Results

C.1 Pass@5 Steering

Table 6: Pass@5 results on BigCodeBench under CAA steering. Each row corresponds to a steering
strength . ACR% and AMI% report the mean percentage change (with standard deviation) in
Comment Ratio and Maintainability Index relative to the baseline across generated completions.
Steering vectors and their extraction are consistent with the explanation in Section[4.1} See Table[3]
for raw «v values per model. Bold and underline denote the best and second-best pass@5 within each
model column, respectively.

Llama 3.1 8B-Instruct Gemma 2 9B-IT Qwen 2.5 Coder 14B
Comment Ratio Maintainability Index Comment Ratio Maintainability Index Comment Ratio Maintainability Index
o ACR% P@51 | AMI%  P@57 || ACR% P@51 | AMI%  P@57 || ACR% P@51 | AMI% P@5%

—az  —11.1+£203 0.386 | —0.2+3.8 0.383 —15.44+474 0375 | —1.2+53 0.371 || —11.84+20.5 0.482 —08+42 0482
—ag —5.6+14.5 0403 | —0.1£2.9 0.386 —11.64+42.7 0388 | —09+42 0.385 —6.3+15.8 0.479 —0.5+29 0482

- -1.8+8.9 0.403 0.0£21 0.401 —5.0+43.6 0.381 | —0.5£3.8 0.381 —-3.0+10.8 0.483 —02+1.8 0482
0 0.0+£0.0 0412 0.0+0.0 0412 0.0+£0.0 0.381 0.0£0.0 0.381 0.0+£0.0 0.483 0.0£0.0 0.482
a +1.6+£9.0 0393 | =0.0£2.0 0.419 +10.8 £80.7 0.382 | +0.8+4.2 0.383 +4.2+£26.0 0485 +0.1£20 0.482

s +32£17.7 0408 | —-0.14+2.7 0.409
ag +54+£334 0398 | —0.4+3.8 0.409
ay +10.6 £59.9  0.367 | —1.0£4.3 0.376

+22.5+£120.1 0380 | +1.3£52 0.375
+27.8 £123.2 0378 | +1.9£6.3 0.378
+38.1£144.0 0377 | +2.3£7.0 0.371

+7.6£335 0.488 +0.2+£3.3 0.480
+11.5£37.6 0.465 +0.2+44 0.268

—ay —17.84+£28.6 0.361 | —0.5+4.5 0.368 —21.84+44.5 0373 | —1.7+£58 0.376 || —18.54+26.1 0.454 —1.4+£50 0.446
+14.3£39.2  0.327 | +2.8+10.2 0.017
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