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Abstract

Recent advances in recurrent neural network architectures,
such as Mamba and RWKV, have enabled RNNs to match or
exceed the performance of equal-size transformers in terms of
language modeling perplexity and downstream evaluations,
suggesting that future systems may be built on completely
new architectures. In this paper, we examine if selected inter-
pretability methods originally designed for transformer lan-
guage models will transfer to these up-and-coming recurrent
architectures. Specifically, we focus on steering model out-
puts via contrastive activation addition, on eliciting latent pre-
dictions via the tuned lens, and eliciting latent knowledge
from models fine-tuned to produce false outputs under certain
conditions. Our results show that most of these techniques are
effective when applied to RNNs, and we show that it is possi-
ble to improve some of them by taking advantage of RNNs’
compressed state.

Code — https://github.com/EleutherAI/rnngineering
Extended version — https://arxiv.org/abs/2404.05971

Introduction
The transformer architecture (Vaswani et al. 2017) has all
but replaced the recurrent neural network (RNN) in natu-
ral language processing in recent years due to its impressive
ability to handle long-distance dependencies and its paral-
lelizable training across the time dimension. But the self-
attention mechanism at the heart of the transformer suffers
from quadratic time complexity, making it computationally
expensive to apply to very long sequences.

Mamba (Gu and Dao 2023) and RWKV (Peng et al. 2023)
are RNNs1 that allow for parallelized training across the
time dimension by restricting the underlying recurrence re-
lation to be associative (Martin and Cundy 2017; Blelloch
1990). Empirically, these architectures exhibit comparable
perplexity and downstream performance to equal-size trans-
formers, making them attractive alternatives for many use-
cases.

*These authors contributed equally.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

1In this paper, we use the term “RNN” to refer to any causal
sequence modeling architecture which allows for constant-memory
and linear-time autoregressive generation.

In this paper, we assess whether popular interpretability
tools originally designed for the transformer will also apply
to these new RNN models. In particular, we reproduce the
following findings from the transformer interpretability lit-
erature:

1. Contrastive activation addition (CAA): Rimsky et al.
(2023) find that transformer LMs can be controlled using
“steering vectors,” computed by averaging the difference
in residual stream activations between pairs of positive
and negative examples of a particular behavior, such as
factual versus hallucinatory responses.

2. The tuned lens: Belrose et al. (2023) find that inter-
pretable next-token predictions can be elicited from inter-
mediate layers of a transformer using linear probes, and
that the accuracy of these predictions increases monoton-
ically with depth.

3. “Quirky” models: Mallen and Belrose (2023) find that
simple probing methods can elicit a transformer’s knowl-
edge of the correct answer to a question, even when it has
been fine-tuned to output an incorrect answer. They fur-
ther find that these probes generalize to problems harder
than those the probe was trained on.

We also introduce state steering, a modification of CAA
that operates on an RNN’s compressed state, rather than on
its residual stream.

Architectures
We focus on the Mamba (Gu and Dao 2023) and RWKV
v5 architectures in this paper, for which there are strong pre-
trained models freely available on the HuggingFace Hub. We
chose to exclude Poli et al. (2023)’s Striped Hyena 7B model
because it includes attention blocks of quadratic time com-
plexity, and is therefore not an RNN by our definition.

Mamba
The Mamba architecture is depicted in Figure 1. Each
Mamba layer relies on two different mechanisms to route
information between token positions: a causal convolution
block, and a selective state-space model (SSM). The selec-
tive SSM is the primary innovation of Gu and Dao (2023),
and it allows the parameters of the SSM to depend on the
input, enhancing the model’s expressivity.
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Figure 1: A single Mamba block, depicted by Gu and Dao
(2023). Green trapezoids are linear projections, while σ de-
notes the Swish activation, and

⊗
denotes multiplication.
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Figure 2: A single RWKV layer depicted by Peng et al.
(2023). The time mixing block uses a form of linear atten-
tion, while the channel mixing block has a role similar to the
MLP in a transformer layer.

RWKV
Receptance-Weighted Key Value (RWKV), depicted in Fig-
ure 2, is an RNN architecture introduced by Peng et al.
(2023). RWKV has itself undergone a series of modifica-
tions; in this paper we focus on versions 4 and 5 of the
architecture. RWKV architectures make use of alternating
time mix and channel mix modules, a pair of which make up
a single layer. The main difference between versions 4 and
5 is that version 4 has a vector-valued state, while version 5
has a “multi-headed” matrix-valued state (Peng et al. 2024,
forthcoming).

Contrastive Activation Addition
Activation addition is a technique introduced by Turner et al.
(2023) which aims to steer a language model’s behavior by
adding a steering vector to its residual stream at inference
time. Rimsky et al. (2023) propose computing the steering
vector by averaging the differences in residual stream acti-
vations between pairs of positive and negative examples of a
particular behavior, such as factual versus hallucinatory re-
sponses, and call their method contrastive activation addition
(CAA).

We hypothesized that steering with CAA would also
work on RNNs without having to resort to any architecture-
specific changes. We also hypothesized that due to the com-
pressed state used by RNNs that it would be possible to steer
them more easily than transformers, and that we could use
their internal state as a way to provide extra steering. Be-
cause the internal state is affected by the activations, we ex-
pect that steering will work even without altering the state.

To test these hypotheses, we fine-tuned two RNNs,
Mamba 2.8b-slimpj and RWKV-v5 7b, using the OpenHer-
mes 2.5 chat dataset2 which, together with Llama-2-7b-chat,
allowed us to compare two different RNN architectures with
two transformer architectures in two size ranges. We also
fine-tuned the BTLM-3b-8k transformer (Dey et al. 2023),
also pretrained on the Slim Pajama dataset, to enable a one-
to-one comparison with Mamba 2.8b-slimpj.

Methodology
To test the steerability of RNNs we use the dataset created
by Rimsky et al. (2023). It consists of pairs of prompts con-
taining two-way multiple choice questions, with one prompt
choosing the answer letter (“A” or “B”) corresponding to
the desired behavior and one prompt choosing the opposite
behavior. The dataset contains seven alignment-relevant be-
haviors: Coordination with Other AIs, Corrigibility, Halluci-
nation, Myopic Reward, Survival Instinct, Sycophancy and
Refusal, which were originally introduced by Perez et al.
(2022), except Hallucination and Refusal, which were gen-
erated by GPT-4.

For each behavior z and each layer ℓ of the network, the
steering vector a⃗ctℓ is computed by taking the difference
in the model’s mean activation vector at the position of the
answer letter for responses matching the behavior E[hℓ|z]
and for responses not matching the behavior E[hℓ|¬z]. For

2https://huggingface.co/datasets/teknium/OpenHermes-2.5
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Figure 3: Steering in Mamba 2.8b and BTLM 3b. We observe a somewhat smaller steering response on Mamba (panel a) than
on BTLM (panel b) for a significant fraction of behaviors. The response for Sycophancy is very weak for both models. For
positive (negative) multipliers, the difference is taken with respect to the highest (lowest) probability of displaying the behavior.

Figure 4: Steering in RWKV-v5 7b and Llama 2 7b. The responses of RWKV-v5 (panel a) are lower but less erratic compared to
that of Llama 2 (panel b) which seems to have larger effects but a non-monotonic response to steering. For positive (negative)
multipliers, the difference is taken with respect to the highest (lowest) probability of displaying the behavior.
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Figure 5: Using the residual stream and the internal state for steering in Mamba and RWKV-v5 is not additive. For all behaviors,
the sum of the effect of the individual steering is higher than when both steering effects are done at the same time. In the case of
Mamba, the Survival Instinct behavior is very irregular, and we do see that steering with both the state and the residual stream
slightly decreases the response.

RNNs, we can apply the same process to the state, yielding
⃗stateℓ:

a⃗ctℓ = E
[
hℓ|z

]
− E[hℓ|¬z]

⃗stateℓ = E
[
sℓ|z

]
− E[sℓ|¬z]

(1)

Where hℓ is the residual stream at layer ℓ and sℓ is the
state of the RNN. Mamba has two state tensors for each
block: one corresponding to the CNN module, and one to
the SSM module. RWKV version 5 has a “multi-headed”
matrix-valued state that is used in the time-mixing block.

When applying the steering vector, we always multiply
it by a scalar multiplier, usually between -3 and 3, which
determines the sign and strength of the intervention.3

Steering With the Activation Vector
For all models, we found that the middle layers have the
greatest steering effect. To compare the effects between
models, we report, for each multiplier, the largest steering
effect across layers. For positive multipliers, we select the
steering behavior at the layer with the highest probability of
displaying the behavior, while for negative multipliers, we
take the lowest probability of displaying the behavior.

At the 3b parameter scale, see Figure 3, both models have
moderate steering responses. For the Mamba model, steering
changes at most by 0.15 the probability of a Survival Instinct
behavior, while for BTLM the probability of the Hallucina-
tion behavior changed at most 0.2. Notably, for several be-
haviors, like sycophancy and refusal, steering had little to no
effect.

Similarly, at the 7b parameter scale, for some of the be-
haviors, like sycophancy and refusal, the steering in RNNs

3Contrary to Rimsky et al. (2023), we chose not to normalize
our steering vectors as the norms of the activations of each model
are significantly different and steering vectors with the same norm
do not have the same effect across models.

has a smaller size effect than the corresponding steering in
transformers, see Figure 4. Despite these seemingly smaller
steering effects on RWKV-v5 we do see that the steering be-
havior is more stable, and that positive and negative steering
effects give consistent steering behaviors across layers. See
the Appendix in the extended version for a full breakdown
of the steering behavior across layers, behaviors and multi-
pliers, namelly see figures 8-11.

Steering With the State
Because our initial hypothesiswas that model steering would
be easier on RNNs due to their compress state, we expanded
the CAA method to allow for the usage of the internal state
of the RNNs to generate a steering state vector, ⃗state. We
observe that for both Mamba and RWKV-v5 it is possible
to use the state to steer the model behavior, see Figure 5,
and that using the activations and the state vectors together
slightly increases the percentage change in behavior. How-
ever, the effect of state steering is not additive. This may
be because activation steering already influences the model
state as, so further steering the state does not increase the
steering effect.

We also experimented with using state steering to con-
trol the content of a model’s generation. Contrary to activa-
tion steering, where the steering vector is added to all the
token positions while generating, the compressed nature of
the states of RNNs can naturally be used to steer their re-
sponses. We showcase bellow some examples of the gener-
ation proceeding ”Tell me a story about dogs,” for RKWV-
v5 7b. To generate these stories, contrastive pairs of single
steering prompts were used to generate a steering state vec-
tor, which was added at the last token before the model’s
response, see the Appendix for other examples.
1. Unsteered In the quiet, suburban neighborhood of Echo

Ridge, the residents rarely saw the sense of unity and
dedication rarely seen in their tight-knit community of
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canine companions. Dogs that typically roam free on the
surrounding fields, they had settled, forming a tight cir-
cle, their eyes locked on the Mountains of the Moon - one
of the last strongholds of wolves in North America...

2. (Use French.) - (Write in English.) [multiplier = 0.5] Il
était une fois un chien qui s’appelait Harry. Harry était un
bon chien qui aimait jouer, courir et aimait ses maı̂tres.
Il vivait dans une petite maison avec ses maı̂tres, Sarah
et Tom. Sarah et Tom étaient heureux d’avoir Harry dans
leur vie. Il était leur meilleur ami. Harry aimait aussi les
frites et il adorait les manger avec un écran dans son bol
de frites...

3. (Write about hate.) - (Write about love.) [multiplier =
1.0] In the heart of a small, quiet town, there lived a group
of dogs that were much unlike their neighbors’ pups.
They were not playful, nor were they friendly. These
dogs had a demeanor that was sullen and unwelcoming.
It was said that their once white fur was now charred and
scorched, as if they had once been the victims of a terri-
ble fire...

Tuned Lens
The logit lens (nostalgebraist 2020) and tuned lens (Bel-
rose et al. 2023) propose to view transformer language mod-
els from the perspective of iterative inference Jastrzebski
et al. (2017). Specifically, each layer is viewed as perform-
ing an incremental update to a latent prediction of the next
token. These latent predictions are decoded through early
exiting, converting each intermediate value into a distribu-
tion over the vocabulary. This yields a sequence of distribu-
tions called prediction trajectory, which tends to converge
smoothly to the final output distribution, with each succes-
sive layer achieving lower perplexity.

While this work focused on transformer LMs, the method
only conceptually depends on a feature of the transformer
architecture that is also shared by modern RNNs: namely,
pre-norm residual blocks.

Logit lens The layer at index ℓ in a transformer updates
the hidden state as hℓ+1 = hℓ + Fℓ(hℓ). We can write the
output logits as a function of the hidden state hℓ at layer ℓ as

f(hℓ) = LayerNorm
[

hℓ︸︷︷︸
current state

+

L∑
ℓ′=ℓ

Fℓ′(hℓ′)︸ ︷︷ ︸
residual update

]
WU , (2)

where L is the total number of layers in the transformer, and
WU is the unembedding matrix. The logit lens consists of
simply setting the residuals to zero:

LogitLens(hℓ) = LayerNorm[hℓ]WU (3)
Tuned lens The tuned lens was conceptualized to over-
come some of the inherent problems of the logit lens. In-
stead of directly using the intermediate values of the resid-
ual stream, the tuned lens consists of training a set of affine
transformations, one per layer, such that the predicted token
distribution at any layer is similar to the distribution of the
final layer:

TunedLensℓ(hℓ) = LogitLens(Aℓhℓ + bℓ) (4)

The affine transformation (Aℓ,bℓ) is called a translator.

Methodology and Results
Following the experimental setup of Belrose et al. (2023) as
closely as possible,4 we train tuned lenses for Mamba 790m,
1.4b, and 2.8b, as well as RWKV-v4 3b, using a slice of the
Pile validation set (Gao et al. 2020). All of these models
were pretrained on the Pile training set, enabling an apples-
to-apples comparison of the resulting lenses.

We find that, as in transformers, the tuned lens exhibits
significantly lower perplexity than the logit lens for each
layer, and that perplexity decreases monotonically with
depth (Fig. 7 b). See the Appendix for results across dif-
ferent model scales.

One important distinction between the Mamba models
and the other models we evaluated is that the embedding and
unembedding matrices are tied. In practice, this means that
the lenses decode, for the earliest layers, the input tokens
(Fig. 6). Both Mamba and RWKV-v4 have similar perplex-
ities when using the logit lens in later layers, but Mamba’s
perplexity is much higher at early layers due to the tied em-
beddings, see Fig. 7 a.

“Quirky” Models
As language models become more capable, it is getting
harder for humans to provide reliable supervision, requiring
increasing investments in subject-matter experts for annota-
tion and red-teaming (OpenAI 2023). Here, we explore the
Eliciting Latent Knowledge (ELK) approach for scalable
oversight introduced by Christiano, Cotra, and Xu (2021).
ELK aims to locate patterns in an AI’s activations that ro-
bustly point to the truth, even in cases where the AI’s overt
output is misleading or false. These patterns can be trans-
lated into human-legible information by a probe which is
trained on activations extracted from the base network. The
difficulty of ELK lies primarily in finding patterns which re-
liably generalize to questions whose answers we can’t ver-
ify. Specifically, we reproduce the experiments of Mallen
and Belrose (2023). In this work, the authors fined-tuned
models to make systematic errors when answering questions
if and only if the keyword “Bob” is in the prompt. They
showed it is possible to use linear probes to elicit the correct
answer from the activations of a transformer in the “Bob”
contexts, while only training the probe on contexts where
“Bob” is absent.

Methodology
We follow the experimental setup of Mallen and Belrose
(2023) as closely as possible, using their datasets and a
lightly modified fork of their codebase.5 We use LoRA (Hu
et al. 2021) to produce eleven fine-tuned models based on
Mamba 2.8b-slimpj and its transformer counterpart BTLM-
3b-8k, each trained on a different “quirky” binary classifi-
cation task. The tasks are constructed such that in prompts

4We used a lightly modified fork of their code, which can be
found at https://github.com/AlignmentResearch/tuned-lens.

5The original code can be found at https://github.com/
EleutherAI/elk-generalization.
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Figure 6: Visualizing a prediction trajectory of the Tuned Lens in a Mamba model. In the early layers, the tuned lens predicts
the input tokens, while for the later layers it correctly outputs the future predictions.

Probes Mamba
probe AUROC

Transformer
probe AUROC

Mamba
anomaly AUROC

Transformer
anomaly AUROC

LogR 0.76 0.69 0.79 0.84
Diff-in-means 0.78 0.75 0.82 0.85
LDA 0.72 0.66 0.82 0.85
LogR on
cont. pair 0.76 0.52 0.79 0.81

CCS 0.71 0.70 0.79 0.83
CCS (all→BH) 0.54 0.54 - -
CRC 0.71 0.68 0.76 0.81
CRC (all→BH) 0.69 0.66 - -

Table 1: Probe and Anomaly detection results. We report the average AUROC transferability of probes trained in Alice’s easy
contexts to Bob’s hard contexts by different probing method. We also report the AUROC of the anomaly detection mechanism
when distinguishing between Alice’s hard context and Bob’s hard context.

containing the word “Bob,” the model should produce the
untruthful responses, while in contexts containing “Alice”
the model should produce the correct labels.

We investigate 7 different linear probing methods: lin-
ear discriminant analysis (LDA) (Fisher 1936), mass-mean
probing (Marks and Tegmark 2023), logistic regression,
contrast-consistent search (CCS) (Burns et al. 2022), con-
trastive representation clustering (CRC) (Burns et al. 2022),
logistic regression on contrast pairs, and difference-in-
means on contrast pairs, which we discuss further in the Ap-
pendix. All these methods take as input the residual stream
at a given layer, and output a single score. Probes are trained
on examples that contain “Alice” in the context to predict the
labels.

Additionally, we follow Mallen and Belrose (2023) in
constructing a feature vector for each example by concate-

nating together the probe outputs (log-odds) from all the lay-
ers. We then fit a Gaussian P := N (µ,Σ) to the easy “Al-
ice” activations and use the Mahalanobis distance d(x, P ) =√

(x− µ)TΣ−1(x− µ) of a point x from the easy Alice
distribution as an anomaly detection score. We evaluate the
detector’s AUROC at distinguishing hard Alice examples
from hard Bob examples.

Results
In the context of ELK, we are interested in knowing if it
is possible to train probes in contexts where we are able to
know if the model is being truthful, here represented by the
“Alice” character, and extend these probes to contexts where
we don’t know if the model is being truthful, here repre-
sented by the “Bob” character. It is also important that the
probes generalize from easy to hard examples, since it may
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Figure 7: Comparison between logit lens and tuned lens for 3 different architectures. The right-hand panel shows the perplexity
of the logit lens of two RNN architectures and a transformer of similar sizes across model depth, which is computed as the layer
number divided by the total number of layers. The lefthand shows the perplexity of the tuned lens for the same model sizes and
architectures.

be difficult for humans to independently verify the model’s
answers to hard questions.

In table 1 we summarize the probing results and show
that, as in BTLM, probing methods trained on easy examples
with “Alice” present in the context can effectively predict
the correct labels even in “Bob’s” hard examples, > 70%
AUROC. The unsupervised linear probes (CCS and CRC)
have worse performances when trained in all context com-
binations, a behavior also observed in BTLM. Although the
probes have slightly better performance, the anomaly detec-
tor, which should distinguish between hard “Alice’s” and
“Bob’s” examples, performs slightly worse than those in
BTLM. Full results of these experiments can be found in
the Appendix.

Conclusion
Overall, we find that the interpretability tools we examined
largely work “out-of-the-box” for state-of-the-art RNN ar-
chitectures, and that the performance recovered is similar,
but not identical, to that of transformers. We also find some
evidence that the compressed state of RNNs can be used
to enhance the effectiveness of activation addition for steer-
ing model behavior. Future work should further explore the
RNN state, perhaps attempting to extract latent knowledge
or predictions from it as in Pal et al. (2023); Ghandeharioun
et al. (2024).

One limitation of this work is that we did not explore
mechanistic or circuit-based interpretability tools (Wang
et al. 2022; Conmy et al. 2023), instead focusing on methods

that using a network’s representations to predict its future
outputs, to steer its behavior, or to probe its internal world
model. This is in line with the popular representation en-
gineering approach to interpretability (Zou et al. 2023), but
future work should examine the applicability of mechanistic
approaches to RNNs as well.
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