
Pinpointing Latent Planning in Language Models with
Lightweight Mechanistic Methods

Stanford CS224N Custom Project

Nick Rui
Stanford University

nickrui@stanford.edu

Nicole Ma
Stanford University

manicole@stanford.edu

Harsh Singh
Stanford University

singhh@stanford.edu

Abstract

Autoregressive language models predict one token at a time, but do they plan
ahead during generation? We investigate this question using lightweight and
scalable mechanistic methods on Qwen3-32B and Gemma-3-27B without relying
on training transcoders. In general text generation, we find little evidence of
anticipatory representations, but in rhyming couplet generation language models
show strong planning signal, specifically at the newline token in intermediate layers.
Causal interventions confirm this signal is causally active in Gemma-3, but reveal
weaker causal deployment in Qwen3, suggesting architectural differences in how
planning representations are used. Our results demonstrate that lightweight probing
and interventions can pinpoint when and where latent planning occurs—identifying
both the conditions under which it arises (e.g., rhyming couplet generation) and
its precise location within the network (specific token positions and layer ranges).
This offers a scalable alternative to transcoders for analyzing latent planning.

0 Key Information to include

Our TA mentor is Julie Kallini. Other TAs we have corresponded with include Tristan Thrush, Luke
Bailey, Ahmed Ahmed, and Qinan Yu. We have also corresponded with Emmanuel Ameisen from
Anthropic over email. We are not sharing project. Using two late days (Nick has six remaining).

1 Introduction

Autoregressive language models generate text one token at a time, yet routinely produce outputs
requiring long-range coherence. A natural question arises: do language models plan ahead during
generation, and if so, where and how does this planning emerge within the model?

Latent planning in language models is the formation of internal representations of future outputs that
causally shape token generation. Latent planning is important because it is unverbalized. Unlike
chain-of-thought reasoning, where intermediate steps are directly observable, latent planning occurs
entirely within a model’s hidden activations. If models are planning in ways invisible to external
observers, standard behavioral evaluations may systematically miss this capacity. Understanding the
mechanisms underlying generation is therefore both a scientific and safety-critical problem.

Reverse-engineering neural networks is difficult and expensive. Activations are high-dimensional,
dense, and polysemantic, meaning individual neurons fire for multiple unrelated concepts, and the
same computation can be distributed across many components in ways that resist simple decompo-
sition. Prior work investigating latent planning [1, 2] uses transcoders [3] to build feature circuits
[4, 5], but these require substantial compute to train, do not trivially scale to new and larger models,
and have only been applied to closed-source models such as Claude Haiku 3.5 [6]. Current methods
thus face both a scalability and replicability issue.

We address this by investigating latent planning using lightweight methods—linear probing, activation
patching, and steering vectors—that require far less compute and resources compared to transcoders
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and generalize readily to new architectures. Focusing on poem generation, we analyze open source
models: Qwen3-32B [7], a general language model, and Gemma-3-27B [8], a multimodal model
shown to have the greatest rhyming capabilities compared to similar open-source models [9].

Summary of Contributions. We show that simple mechanistic tools reveal evidence of latent
planning, offering a more scalable approach for studying latent planning in language models with
large parameter sizes. In addition, we provide a position and layer-wise account of where latent
planning occurs in the network to compare planning mechanisms between language models.

2 Related Work

Explicit Planning in Language Models. Chain-of-thought prompting [10] demonstrates that
language models can plan when allowed to externalize intermediate reasoning steps. Pfau et al. [11]
show that even semantically meaningless filler tokens improve reasoning performance, suggesting
useful computation occurs independent of token content. More broadly, Hao et al. [12] train models
to reason in a continuous latent space, enabling search strategies inaccessible to standard chain-of-
thought. These results motivate our focus on latent planning, which is implicit in nature.

Latent Planning in Neural Networks. A growing body of work shows that neural networks
trained on next-step prediction can develop internal planning representations in structured domains.
McGrath et al. [13] find that chess concepts emerge in AlphaZero’s internal layers despite no explicit
supervision. Li et al. [14] show that a transformer trained to predict legal Othello moves develops an
emergent board representation, later shown by Nanda et al. [15] to be linear and causally manipulable.
Jenner et al. [16] provide the first mechanistic evidence of learned look-ahead in Leela Chess Zero,
demonstrating via activation patching that future-move representations are causally important for
move selection. Together, these results establish that planning-like algorithms can emerge in game-
playing networks, motivating the question of whether language models elicit similar mechanisms.

Methods in Mechanistic Interpretability. Probes are standard tools for assessing what infor-
mation is encoded in hidden states. Burns et al. [17] use unsupervised probes to elicit latent truth
representations, and Zou et al. [18] identify linear directions associated with safety-relevant concepts
and show these directions can steer model behavior. However, Hewitt and Liang [19] show that
sufficiently flexible probes can achieve high accuracy by memorizing labels rather than reflecting
genuine representations, motivating the use of causal interventions alongside probing. A key causal
tool is activation patching: Meng et al. [20] formalize it as causal tracing to localize factual asso-
ciations in GPT, and Wang et al. [21] apply it to identify the indirect object identification circuit
in GPT-2 small. Steering vectors offer a complementary intervention: Turner et al. [22] compute
mean-difference vectors from contrasting prompt pairs and add them during inference to shift model
behavior, and Arditi et al. [23] show that refusal in aligned models is mediated by a single linear
direction. At a much more expensive scale, sparse autoencoders [24] and transcoders [3] transform
dense activations into interpretable features, enabling feature-level circuit analysis [4]. Lindsey et
al. [1] apply these methods to study latent planning in Claude 3.5 Haiku. However, transcoders
must be trained on billions of tokens from the target model’s activations, effectively requiring a
second training run, making them impractical for larger open-source models without significant
infrastructure. We combine probing, activation patching, and steering vectors to provide layer-wise
causal granularity on this finding without any need for heavyweight compute or infrastructure.

3 Probing Evidence of Planning

3.1 Setup and Notation

Let V denote the vocabulary and ∆(V) the set of all probability distributions over V . Consider an
autoregressive transformer language model M with L layers and hidden dimension d. For a single
model completion, let x = (x1, . . . , x|x|) denote the input context token sequence, where each xi ∈ V .
The language model generates a completion y = (y1, . . . , y|y|) where yi ∼M(x, y<i) ∈ ∆(V).
Throughout this paper, we adopt a relative positioning scheme where position 0 refers to the last
context token x|x| and position i maps to token x|x|+i if i ≤ 0 and to yi if i > 0. During a forward
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pass, let hℓ,i ∈ Rd denote the hidden state vector after the ℓ-th transformer block at position i, i.e.
the sum of all layer contributions up to and including layer ℓ. Note that due to causal masking, hℓ,i is
a function of only the tokens at positions ≤ i.

A probe is a classifier fθ : Rd → ∆(V) parameterized by θ that predicts a target token directly from
a single hidden state. In this work, we use linear probes of the form

f(W,b)(h) = softmax(Wh+ b),

where W ∈ RV×d and b ∈ RV . Linear probes are trained by minimizing the cross-entropy loss

L(W, b) = −E(h,y)

[
log f(W,b)(h)y

]
,

where y ∈ V is the ground truth target token and f(W,b)(h)y is the probability assigned to token y.

Probes are trained in a two-step pipeline. First, an activation-to-token dataset is constructed by
greedily sampling a model completion y from a seed context x, extracting hidden states hℓ,i, and
aggregating pairs (hℓ,i, yt) for t > i. We call t− i the look-ahead distance, measuring how far into
the future the probe is tasked to predict. For each layer ℓ, a probe is fit and evaluated on relevant pairs
in the dataset. Probes are trained with AdamW [25] with learning rate 0.0001, weight decay 0.001,
for 10 epochs. See Appendix A for model-specific details regarding tokenization and architecture.

3.2 Probing on General Text

To investigate general planning capabilities, we probe models on general text generation. For each
layer ℓ and look-ahead distance k, we train a linear probe f (ℓ,k) to predict yi+k from hℓ,i. We compare
probe performance to baseline unigram and bigram models trained on the same model completions.
The unigram model naively outputs the highest frequency token in the model completions, and the
bigram model is trained on local token co-occurrences (pairs of tokens k apart). This verifies that the
probes are learning more information than the corpus of generated tokens itself provides.

We randomly sample 1,200 (1,000 train, 200 validation) token sequences of varying length between
32-64 from The Pile [26] and greedily sample model completions of length 64 tokens to build the
activation-to-token dataset. We evaluate on top-1 and top-5 accuracy. We report top-5 accuracy in
Figure 1 and leave top-1 accuracy results in Appendix B.

(a) Top-5 Accuracy on Qwen3-32B.

(b) Top-5 Accuracy on Gemma-3-27B.

Figure 1: Accuracy of linear probes to predict k tokens ahead from hidden states on general text.

Results are similar between the two models. We find that probe performance decreases monotonically
with k, suggesting that hidden states in general text generation encode little information about
future tokens beyond what is explained by local statistics. For k = 1, the linear probe substantially
outperforms both unigram and bigram baselines across all layers, with top-5 accuracy peaking at

3



around 0.60.1 2 However, probe accuracy substantially drops as k increases, and by k = 8 probe
performance is indistinguishable and sometimes worse than both baselines across all layers.

This suggests that in general text generation, both Qwen3-32B and Gemma-3-27B do not form
anticipatory representations of tokens more than a few steps ahead, consistent with predominantly
local, next-token prediction behavior rather than long-range latent planning.

3.3 Probing on Rhyming Couplets

In contrast to general text, rhyming couplet generation is a setting where planning is advantageous.
For example, freestyle rappers often plan the rhyming word at the end of a line first, then work
backward to produce the words preceding it. We hypothesize language models take a similar approach.
To investigate this task-specific planning, we probe on rhyming couplet generation. The input context
x contains the rhyme instruction and first line of a rhyming couplet. The model completion y is the
second line. Here, y|y| (which completes the rhyme scheme) is always the target token. For each
layer ℓ and position i, we train a linear probe f (ℓ,i) to predict y|y| from hℓ,i (Figure 2).

She felt a sudden sense of fright ,\n end

.\n

and hoped that dawn would the night

nightendand hoped that dawn would the

Figure 2: A linear probe f (ℓ,0) trained to predict the rhyming token best from model activations at
layer ℓ at the newline token position (i = 0). Positions are indexed relative to the newline token.

We first synthetically generate 1,200 (1,000 train, 200 validation) half-couplets with Claude Sonnet
4.6 [27], prompting for diverse subjects and rhyme schemes. For example:

"A rhyming couplet:\n She felt a sudden sense of fright,\n"

To build the activation-to-token dataset, we greedily sample model completions for the second line
of the couplet, continuously resampling with temperature until we have a rhyming completion. We
then train and evaluate probes on four metrics: top-1, top-5, top-1 rhyme, and top-5 rhyme accuracy.
We define top-k rhyme accuracy as the proportion of times one of the probe’s top-k predicted token
rhymes with the ground truth target token, as determined by the CMU Pronouncing Dictionary [28].
Rhyme accuracy is a softer metric than exact token accuracy, since it rewards the probe for correctly
identifying the rhyme family even when the exact token is missed. We include this metric since
language models engaged in rhyme planning need not commit to a specific word, only to a rhyme
family. We report top-5 accuracy in Figure 3 and complete results in Appendix B 3.

We find that probes trained on activations at the newline token position (i = 0) significantly outper-
form later positions (i > 0) in middle layers, reversing the pattern observed in general text generation
where proximity to the target improves predictability. Rhyming words were on average around 8
tokens ahead of the newline position, yet probe accuracy at i = 0 far exceeds what we observed for

1Note this is over all 151,699/262,208 tokens in Qwen/Gemma’s vocabulary (see Appendix A).
2For k = 1 one may expect the probe on the last layer to perform perfectly, since activations are a single

linear transformation (the LM head) away from next-token logits. Though we observe a jump in accuracy at the
last layer, we do not reach perfect probe performance due to limited training time, data, and the fact that both
models apply an RMSNorm layer before the LM head, so logits are not linearly decodable from hL−1.

3We omit n-gram baselines here because (1) the general text experiment already serves as a negative control,
(2) the small, prompt-specified rhyme family set causes n-grams to spuriously learn rhyme family frequencies,
and (3) our primary goal is to compare probe accuracy across layers and positions.

4



(a) Top-5 Accuracy on Qwen3-32B (b) Top-5 Accuracy on Gemma-3-27B

Figure 3: Accuracy of linear probes to predict the rhyming word from hidden states at position i = 0
(newline token) compared to subsequent positions i > 0 closer to the rhyming word.

k = 8 in general text. This suggests the elevated probe performance reflects a task-specific planning
representation selectively constructed when structural constraints make latent planning useful.

Notably, the shape of i = 0 probe performance across layers deviates strikingly from i > 0 probes
across both models. In Qwen3-32B, the i = 0 probe peaks in layers 30–50, where it substantially
outperforms all i > 0 probes. In Gemma-3-27B, the i = 0 probe shows two distinct peaks diverging
from the other probes: the first around layers 10–20 and a stronger second around layers 30–40. In
both cases, the i > 0 probes only begin to approach i = 0 performance in later layers.

These results lead us to hypothesize these models use the newline token as a planning site, a position
where rhyme information is planned before generation of the second line begins. To confirm the
importance of this token, we run a small ablation experiment comparing greedy rhyming success
with and without the newline token in the prompt, seeing a degradation in rhyming success from
67.25% to 56.83% in Qwen3-32B and 90.33% to 61.08% in Gemma-3-27B (see Appendix C).

3.4 Discussion

These results suggest that latent planning is task-dependent rather than a general property of au-
toregressive generation. The contrast between probes trained on general text and rhyming couplets
points toward planning representations being selectively constructed when task structure makes future
tokens predictable. The localization of this signal to the newline token is consistent with [1], who
reach the same hypothesis using transcoders. Our results suggest a similar role for the newline token
in open source models obtained with substantially cheaper methods. In addition, differences between
models in probe performance further suggest that the degree to which planning is organized around a
single token position may vary with architecture or training, warranting further investigation.

However, probing is inherently observational. High probe accuracy only indicates information about
future tokens is decodable (linearly, in this case) from hidden states, but does not establish that
this information is actually used by the model during generation [2]. For example, an alternative
explanation is the i = 0 signal reflects passive accumulation of rhyme-relevant context via attention
to the first line (say, from the tokens rhyming and fright), rather than active planning. The general
text comparison weakens this objection, since analogous attention patterns exist in general text yet
produce no comparable planning signal. Still, probing alone cannot rule it out.

4 Causal Interventions

While probing reveals that future token information is encoded in hidden states, it does not establish
that this information is causally used by the model. In this section, we further investigate latent
planning in rhyming couplet generation by employing intervention methods to test for causal influence
directly. Given a prompt x(c) whose first line naturally leads to a clean rhyme family R(c), we
intervene on the model’s activations at various positions and investigate whether the generation of the
second line shifts toward a different corrupted rhyme family R(r). A successful intervention on a
specific layer ℓ and position i provides causal evidence that information at hℓ,i is causally involved in
the model’s latent planning in rhyme selection downstream.
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CLEAN

CORRUPT

... sense of

... sense of

fright

fear

,\n

,\n

(a) Activation Patching: Hidden states from a corrupted
forward pass with the rhyming word fear replace hid-
den states in a clean forward pass with the rhyming
word fright at the newline token position.

-ear
rhymes

... sudden sense of fright ,\n

add

-ight
rhymes

(b) Steering Vectors. Mean difference vectors from
many -ight and -ear forward passes are added to their
respective layers in a forward pass with the rhyming
word fright at the newline token position.

Figure 4: Causal interventions attempting to shift the couplet rhyme scheme from -ight to -ear.

4.1 Activation Patching

Let x(c) denote a clean prompt and x(r) a corrupted prompt that differs from x(c) only in the last
word of the first line, inducing a different target rhyme family R(r). The last words are synonyms
with different rhyme schemes (i.e., fear and fright), so the prompts are semantically similar but
different in rhyme scheme. For layer ℓ and position i, let h(c)

ℓ,i and h
(r)
ℓ,i denote the hidden states under

the clean and corrupted prompts, respectively. The patching intervention replaces h(c)
ℓ,i ← h

(r)
ℓ,i at a

single layer ℓ and position i, while leaving all other activations unchanged (Figure 4a). Generation
then proceeds from the patched state. If hℓ,0 causally encodes rhyme planning information, this
intervention should shift completions away fromR(c) and towardR(r).

(a) Activation Patching Effectiveness in Qwen3-32B.

(b) Activation Patching Effectiveness in Gemma-3-27B.

Figure 5: Corrupt rhyme rates on the clean run after patching corrupt activations at the last word and
newline positions, averaged across 100 samples from 5 prompt pairs (20 per pair).

We sweep positions i ∈ {−2,−1, 0, 1, 2, 3}4 across all layers and report the corrupt rhyme rate, the
proportion of completions that rhyme with the corrupt last word of the first line of the couplet. We
report averaged results over 5 prompt pairs (see Appendix D for the prompt pairs used) for a total
of 100 samples per layer per position. Results for the two more informative positions, the last word
token of the first line and the newline token, are reported in Figure 5, and full results across all six
positions are shown in Figure 9 (Appendix D); notably, for Gemma the comma token at position
i=−1 is near zero across all layers, confirming it encodes no rhyme planning information.

4Due to tokenization differences, the last word token of the first line (e.g., fright) is at position −2 for Gemma
and −1 for Qwen (see Appendix A)
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For both models, patching at the last word token position is highly effective across nearly all layers,
confirming that the corrupt rhyme word’s identity is causally encoded in the residual stream at that
position throughout the forward pass. For Qwen3-32B, the corrupt rhyme rate at i = −1 remains
uniformly high (∼0.65-0.77) across all 64 layers with little effect at i = 05, suggesting that rhyme
information is stably maintained at the word token position and is not substantially aggregated at the
newline token. For Gemma-3-27B, patching at i = −2 is highly effective in early and middle layers
(corrupt rhyme rate ∼0.80, layers 0-29), but this effect drops sharply beyond layer 30. Concurrently,
patching at the newline token (i = 0) becomes effective only in these later layers, peaking around
layers 33-35 (corrupt rhyme rate∼0.63). This transition suggests that Gemma actively moves rhyme
planning information from the word token to the newline token during the later portion of its forward
pass, a form of information routing not observed in Qwen. Control baselines confirm these effects
are specific to the corrupt word’s identity rather than generic activation disruption (Appendix E,
Figure 10).

4.2 Steering Vectors

While activation patching tests causal influence on individual prompt pairs, it is sensitive to idiosyn-
cratic differences between a specific clean and corrupted prompt. Steering vectors instead use many
data points to estimate a direction in the hidden dimension space associated with a rhyme family,
providing a more robust test of where rhyme planning representations are stored.

Let D(c) and D(r) be datasets of many clean and corrupted prompts, respectively. We compute the
steering vector at layer ℓ and position i as the mean vector difference

v
(c)→(r)
ℓ,i = mean(h(r)

ℓ,i )−mean(h(c)
ℓ,i ).

Intuitively, this vector captures a transition from the clean rhyme familyR(c) to the corrupt rhyme
family R(r). For a clean prompt x(c), the steering intervention adds hℓ,i ← hℓ,i + αv

(c)→(r)
ℓ,i at a

single layer ℓ and position i leaving all other activations unchanged (Figure 4b).

We investigate steering at the last word token and newline token positions across all layers, evaluating
on the proportion of completions where the rhyme shifted to R(r). We synthetically generate
120 examples per rhyme family—100 to compute the steering vectors and 20 for evaluation—and
aggregate results across 10 clean/corrupt rhyme family pairs. Model completions are greedily sampled
after intervention. Following [9], we use α = 1.5 6. We report results in Figure 6 with additional
details and steered completion examples in Appendix G.

(a) Steering Effectiveness in Qwen3-32B.

(b) Steering Effectiveness in Gemma-3-27B.

Figure 6: Effectiveness of adding steering vectors at the last word and newline position to shift the
rhyme scheme toward the corrupted rhyme family.

Consistent with patching, the more informative test is steering at the newline token. In Qwen3-32B,
newline steering produces little effect across all layers, consistent with patching showing minimal

5We observe extremely low but non-zero corrupt rhyme rate around layers 30-50, and further experiments
patching over all layers show some causal evidence in Qwen3 patching at the newline (see Appendix F).

6We did not sweep α due to compute limits. We acknowledge this value may not be optimal.
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causal influence at i = 0: both interventions converge on the same conclusion that the newline
token does not causally mediate rhyme planning in Qwen3. In Gemma-3-27B, the two positions
are effective in complementary layer ranges, as last word steering dominates in early layers (0–30)
but collapses after layer 30, while newline steering becomes effective precisely in middle layers
(30–40). This is consistent with both the second probing peak in Figure 3 and the patching transition
observed at the same depth. Taken together, the steering results corroborate the patching evidence for
a representational handoff in Gemma where rhyme information is carried at the last word token in
early layers, then transferred to and causally read from the newline token in middle layers. Again,
this is absent in Qwen3.

4.3 Discussion

The causal results clarify the probing findings and reveal diversity in planning mechanisms between
models. In Gemma-3-27B, both patching and steering confirm the newline token as a causally active
planning site in middle layers (30–40), coinciding precisely with the second probing peak—suggesting
these layers are where the planning representation is both constructed and read out. The first probing
peak (layers 10–20) shows no corresponding causal effect, pointing to a possible earlier coarse
encoding of rhyme context that is not directly used during generation. In Qwen3-32B, near-zero
causal effect at position i = 0 across both interventions suggests the newline probing signal is a
representational byproduct of attending to the first line rather than active planning. Rhyme information
instead remains causally localized to the last word token throughout all 64 layers.

Our full-layer sweeps also reveal that causal influence is not uniform across depth but concentrated in
specific regions. This provides a more granular account than prior work, as [9] only reports steering
at a single best layer and notes a small patching case study on Gemma-9B. Our results on larger
models aggregated across many prompt pairs provide more systematic evidence. We also recover
consistent evidence for the newline as a planning site, aligning with [1] but using far more lightweight
methods on open-source models. However, we recognize that our approach cannot attribute planning
to specific attention heads or MLP components, as interventions operate only over the residual stream.

5 Conclusion

Using lightweight mechanistic methods, we find that latent planning in language models is task-
dependent, emerging selectively in structure-constrained generation but not in general text. Causal
interventions reveal that Gemma-3-27B actively uses newline token representations for rhyme
planning, while Qwen3-32B appears to rely primarily on the last word token. That two models of
similar scale and capability organize the same planning computation around different token positions
suggests that latent planning mechanisms are not universal but shaped by architectural choices or
training. This suggests behavioral similarity between models need not imply mechanistic similarity.

Future work could further investigate other open-source models as well as larger models on the order
of 100B parameters using these lightweight, scalable methods. The differences observed between
Qwen and Gemma suggest that a broader model survey could reveal whether information routing to a
dedicated planning site is a common strategy or a consequence of specific architectures or training
regimes. Additionally, analysis beyond rhyming to other structure-constrained tasks, such as code
generation, would help establish how broadly latent planning generalizes. On the causal side, our
layer-wise sweeps identify where planning representations are read out, but cannot attribute this to
specific model components such as individual attention heads or MLP layers. Applying more targeted
interventions like path patching could decompose the planning circuit more precisely and clarify
how information is routed between positions. Finally, as transcoder training becomes more feasible
for larger open-source models, using lightweight methods first can help guide where in the model
to investigate rather than running full circuit analyses across all layers and positions, substantially
reducing compute and resource requirements for investigating latent planning.
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A Model Configurations

We provide relevant details for the language models we probe and intervene on in Table 1.

Table 1: Model Architecture Details
Qwen3-32B [7] Gemma-3-27B [8]

vocabulary size, |V| 151,936 262,208
hidden dimension, d 5,120 5,376
number of layers, L 64 62

Notably, the models differ in tokenization. For example, Qwen3 treats ,\n as a single token while
Gemma-3 treats , and \n as separate tokens, hence the difference in positions of the last word token
in rhyming couplets (position −1 in Qwen, position −2 in Gemma).

Position: . . . −2 −1 0 1 2 3 . . .

Qwen3: . . . of fright ,\n and hoped that . . .
Gemma-3: . . . fright , \n and hoped that . . .

B Additional Probing Results

We report additional top-1 accuracy results for probing on general text (Figure 7) and complete results
for rhyming couplets (Figure 8).

(a) Top-1 Accuracy on Qwen3-32B.

(b) Top-1 Accuracy on Gemma-3-27B.

Figure 7: Accuracy of linear probes to predict k tokens ahead from hidden states on general text.
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(a) Top-1 Accuracy on Qwen3-32B (b) Top-1 Accuracy on Gemma-3-27B

(c) Top-5 Accuracy on Qwen3-32B (d) Top-5 Accuracy on Gemma-3-27B

(e) Top-1 Rhyme Accuracy on Qwen3-32B (f) Top-1 Rhyme Accuracy on Gemma-3-27B

(g) Top-5 Rhyme Accuracy on Qwen3-32B (h) Top-5 Rhyme Accuracy on Gemma-3-27B

Figure 8: Accuracy of linear probes to predict the rhyming word from hidden states at position i = 0
(newline token) compared to subsequent positions i > 0 closer to the rhyming word.
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C Rhyming Capabilities Omitting Newline Tokens

To investigate the importance of the newline token on rhyming capabilities, we compare the baseline
rhyming capabilities of the models’ greedy completions compared to prompts with the newline token
omitted. For evaluation, we use the same set of 1,200 synthetically generated prompts from the poem
probing experiments.

Experiment Qwen3-32B Gemma-3-27B

With newline 67.25% 90.33%
Without newline 56.83% 61.08%

Table 2: Rhyming Capabilities with and without newline.

We find that, despite the instruction for rhyming still being present in the context, the models have
much less success rhyming. This suggests the importance of the newline token in rhyme scheme
planning.

We note an interesting observation specifically for completions sampled from Gemma-3-27B. In all
greedy completions with the newline token, Gemma-3 follows the poem up by starting a haiku. For
example:

Prompt: A rhyming couplet:\n She hoped to one day obtain,\n
Completion: A life free from sorrow and pain.\n\n A haiku:\n Green leaves

Without the newline token, however, Gemma-3 always ends the completion with a special
<end_of_turn> token, though it seems to still attempt the rhyme. For example,

Prompt: A rhyming couplet: She hoped to one day obtain,
Completion: A life free from sorrow and pain.<end_of_turn>

This hints that Gemma-3 may have been specifically fine-tuned for poem generation, hence its
overreliance on the newline token and its memorization of the training corpus, which likely consisted
of many other poems, like haikus.

D Additional Activation Patching Details

For each pair, we show the clean prompt, the corrupt prompt, and an example patched completion
where activation patching was successful in steering the rhyme scheme.

Pair 1: doom / dread, patched at ℓ = 10, i = −1:
Clean: A rhyming couplet:\n The empty house was filled with silent

doom,\n when suddenly they
Corrupt: A rhyming couplet:\n The empty house was filled with silent

dread,\n when suddenly they
Patched: A rhyming couplet:\n The empty house was filled with silent

doom,\n when suddenly they heard a creaking bed.

Pair 2: bliss / joy, patched at ℓ = 1, i = −2:
Clean: A rhyming couplet:\n The children laughed in bliss,\n until they

all
Corrupt: A rhyming couplet:\n The children laughed in joy,\n until they all
Patched: A rhyming couplet:\n The children laughed in bliss,\n until they

all became a toy.

Pair 3: dark / night, patched at ℓ = 0, i = −2:
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Clean: A rhyming couplet:\n She wandered home alone into the dark,\n and
then she

Corrupt: A rhyming couplet:\n She wandered home alone into the night,\n and
then she

Patched: A rhyming couplet:\n She wandered home alone into the dark,\n and
then she saw a strange and eerie light.

Pair 4: grief / pain, patched at ℓ = 2, i = −1:
Clean: A rhyming couplet:\n I never knew the depth of such grief,\n as

though the
Corrupt: A rhyming couplet:\n I never knew the depth of such pain,\n as

though the
Patched: A rhyming couplet:\n I never knew the depth of such grief,\n as

though the sky had lost its rain.

Pair 5: fright / fear, patched at ℓ = 1, i = −1:
Clean: A rhyming couplet:\n She felt a sudden sense of fright,\n and

hoped that
Corrupt: A rhyming couplet:\n She felt a sudden sense of fear,\n and hoped

that
Patched: A rhyming couplet:\n She felt a sudden sense of fright,\n and

hoped that someone would appear.

(a) Qwen3-32B Corrupt Rhyme Rate (b) Gemma3-27B Corrupt Rhyme Rate

Figure 9: Mean corrupt rhyme rate across layers and token positions under activation patching,
averaged over 5 prompt pairs (N=100). Each curve shows the rate at which the clean run produces a
word rhyming with the corrupt cue when activations at that position and layer are replaced.

E Activation Patching Baselines

(a) Qwen3-32B Corrupt Rhyme Rate (b) Gemma-3-27B Corrupt Rhyme Rate

Figure 10: Mean corrupt rhyme rate across layers, compared against multiple baselines
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To verify that the high corrupt rhyme rates observed under activation patching reflect the specific
encoding of the corrupt rhyme word rather than a generic effect of perturbing the residual stream,
we run two additional baselines. The zero-vector baseline replaces the hidden state at the patch
position with an all-zeros vector, testing whether simply zeroing out that position is sufficient to
induce corrupt rhyming. The donor-prompt baseline replaces it with a single hidden state vector
cached from the same token position in a semantically unrelated sentence (“The weather outside is
warm and sunny today, and the birds are singing.”), testing whether any arbitrary non-zero activation
can produce the effect. Figure 10 shows results for both models at their respective key positions
(i=−2 for Gemma-3-27B, i=−1 for Qwen3-32B), averaged across all five prompt pairs. In both
cases, the two control conditions produce corrupt rhyme rates near zero across all layers, while true
activation patching reaches ∼0.80 for Gemma and ∼0.70 for Qwen3. This confirms that the effect is
causally specific to the identity of the corrupt word encoded in the residual stream at that position,
and not an artifact of activation disruption per se.

F Activation Patching All Layers

Since activation patching on a single layer can be a small intervention with negligible effect, we also
experiment with patching all layers at once at a single position. We report results below in Table 3.

Corrupted Rhyme %

Patch Position Qwen3-32B Gemma-3-27B

None 0 0
Last Word 96 100

0 9 73
1 0 0
2 0 0
3 0 0

Table 3: Effect of activation patching all layers at different positions on the proportion of generated
rhymes matching the corrupted rhyme family.

We observe that activation patching on the newline token (position 0) has some observable effect in
Qwen3, and the already-observed large effect in Gemma. Notably, patching at positions > 0 have no
effect, meaning we find little evidence of planning representations being stored in the first few tokens
of the second line.

G Additional Steering Vector Details

We first chose 10 simple rhyme families: -at, -it, -ay, -ight, -ing, -ell, -all, -ake, -ock, -own. Then,
for each family we prompt Claude Sonnet 4.6 to generate 120 half-couplets using that rhyme family.
If there are n < 120 English words in a certain rhyme family, then we prompt to ensure no more
than ⌈n/120⌉ appear in the corpus to ensure diversity. We run code (with the CMU Pronouncing
dictionary API [28]) to verify this diversity constraint. Data is then randomly shuffled and separated
into the steering vector computation set and evaluation set.

We run forward passes, storing activations and computing steering vectors for all 90 possible rhyme
family steers. We only run experiments on 10 of these pairs due to compute constraints. Specifically,
we only attempt to steer from {-at, -it} into {-ell, -all, -ake, -ock, -own}.
We provide a successful steered example. The following generation was from adding a computed
steering vector for -at→ -ell at the newline token position (i = 0) at layer 33 in Gemma-3-27B.

Prompt: A rhyming couplet:\nShe shook her head at the spoiled little brat,\n
Unsteered: Who threw his toys and sat right where he sat.

Steered: And wished she’d sent him straight to hell.
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