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ABSTRACT

Large language model (LLM) agents are deployed in increasingly complex multi-
agent environments, making it critical to detect unsafe or unintended behaviors
during training.

Sparse Autoencoders (SAEs) have recently shown to be useful for data-centric inter-
pretability. In this work, we analyze large-scale reinforcement learning training runs
from the sophisticated environment of Full-Press Diplomacy by applying pretrained
SAEs, alongside LLM-summarizer methods. We introduce Meta-Autointerp, a
method for grouping SAE features into interpretable hypotheses about training
dynamics. We discover fine-grained behaviors including role-playing patterns,
degenerate outputs, language switching, alongside high-level strategic behaviors
and environment-specific bugs. Through automated evaluation, we validate that
90% of discovered SAE Meta-Features are significant, and discover a novel reward
hacking pattern where incentivized behaviors generalize into structurally similar
but unrewarded actions. However, through two user studies, we find that even sub-
jectively interesting and seemingly helpful SAE features may be worse than useless
to humans, along with most LLM generated hypotheses. However, a subset of
SAE-derived hypotheses are predictively useful for downstream tasks. We further
provide validation by augmenting an untrained agent’s system prompt, improving
the score by +14.2%. Overall, we show that SAEs and LLM-summarizer provide
complementary views into agent behavior, and together our framework forms a
practical starting point for future data-centric interpretability work on ensuring
trustworthy LLM behavior throughout training.

1 INTRODUCTION

Reinforcement learning (RL) is a central paradigm for training large language models (LLMs) beyond
supervised learning, enabling improved reasoning and complex multi-agent coordination (Kaplan
et al., 2020; [Wei et al., [2022; Shao et al., 2024} |Sun et al.,[2024). As RL environments grow more
complex, understanding how and why model behavior changes during training becomes increasingly
challenging. Multiple rewards and evaluation metrics often obscure qualitative differences in strategy
and interaction, particularly in long-horizon or multi-agent settings (Duan et al.l 2024)).

This limitation is especially pronounced in strategic multi-agent environments, where behaviors
such as negotiation, deception, and long-term planning emerge implicitly rather than being directly
supervised (Gandhi et al., 2023} Payne et al.,2025). Prior evaluations show that agents with similar
rewards can exhibit markedly different patterns of cooperation, betrayal, and strategic style (Duan
et al.}2024; [Kang et al.} 2024; |Costarelli et al.| 2024), and that LLMs trained with RL may exhibit
strategic misgeneralization or deceptive behavior despite strong aggregate performance (Greenblatt
et al., [2024; [Hagendortf, |2024; |Park et al.,|[2024)).

Recent advances in mechanistic interpretability provide tools for addressing these challenges in
trustworthiness (Elhage et al., 2021} Olsson et al.,2022). Sparse Autoencoders (SAEs) decompose
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Figure 1: Overview of our framework. We generate hypotheses about training dynamics using LLM-based
summarization and meta-autointerp over sparse autoencoder features. Hypotheses are validated using both
automated LLM-based evaluations and human user studies.

dense activations into sparse features that often correspond to human-interpretable concepts. They’ve
even been applied in data-centric ways without requiring access to model weights (Movva et al.,
2025; Jiang et al.,|2025)). In parallel, LLM-summarizer methods enable scalable summarization and
comparison of model behavior (Zheng et al.| 2023 Dubois et al., [2024)). However, prior work has
focused primarily on static analysis of trained models and has rarely validated whether discovered
features are accurate, reliable, or useful for downstream reasoning or intervention (Heap et al., 2025)).

In this work, we study training-based behavioral change in Full-Press Diplomacy, a challenging
multi-agent RL environment that requires long-horizon planning and natural language negotiation
(Duffy et al.l 2025). We analyze a large-scale RL training run comprising over 6,000 trajectories,
providing a rich setting for examining how external behaviors evolve over training, without the need
to analyze the trained model directly.

Figure [ summarizes our framework. Our contributions are as follows:

1. A dual-pipeline analysis framework that combines SAE-based feature extraction with
LLM-summarization to analyze RL training runs. These approaches provide complementary
perspectives, with SAEs capturing fine-grained behavioral patterns and LLM summaries
highlighting higher-level strategic shifts and failure modes.

2. Meta-Autointerp, a novel method for aggregating individual SAE features into coherent
hypotheses about training dynamics. While many individual features are uninformative in
isolation, aggregation yields interpretable patterns that track behavioral change over training.

3. Extensive validation of interpretability and helpfulness of hypotheses. Through two
user studies we show that while generated hypotheses seem interesting and valid to users (in
line with existing literature (Rajamanoharan et al.| [2025)), only a subset of SAE-derived
hypotheses are useful for downstream tasks and most LLM-generated hypotheses are not
usable by humans. To our knowledge, this is the first human study to evaluate SAE features’
usefulness on a downstream task, offering a practical starting point for future work.

2 RELATED WORK

Mechanistic, Data-Centric, and Automated Interpretability Mechanistic interpretability aims to
explain neural networks by identifying internal structures that give rise to behavior (Elhage et al.|
20215 |Olsson et al., 2022). Sparse Autoencoders have emerged as a scalable method for decomposing
dense activations into sparse, often interpretable features in language models (Bricken et al.| 2023}
Huben et al., |2024). Prior work has shown that SAE features correspond to semantic, syntactic, and
safety-relevant concepts, and large-scale efforts such as Gemma Scope provide pretrained SAEs
across layers and model sizes (Templeton et al., [2024; McDougall et al.| 2025} |Gao et al., [2025)).
More recent work has involved applying SAEs to generate hypotheses about datasets (Movva et al.,
2025 Jiang et al., 2025). Automated interpretability (autointerp) methods use language models to
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generate and validate natural-language explanations of SAE features (Bricken et al., [2023} [Paulo
et al., [2025).

However, existing work for autointerp has focused only on individual features, and reviewing 10,000+
features for a typical SAE is still a manual process. And SAEs for hypothesis generation has focused
on shorter contexts, limiting the applications of this technique.

LLM-Based Analysis of Model Behavior LLM-summarizer approaches use language models to
evaluate, compare, and summarize large collections of text (Zheng et al., 2023} Dubois et al., 2024}
Sumers et al., |2025)). We apply hierarchical LLM summarization to RL training trajectories, using it
as a complementary analysis channel to mechanistic features: LLM summaries surface high-level
strategic shifts and failure modes that are difficult to detect from activations alone (Xi-Jia et al., 2025)).

Diplomacy We develop a harness around Full-Press Diplomacy, making a challenging multi-agent
benchmark requiring negotiation, long-term planning, and natural language communication (Duffy
et al., [2025). Prior work has focused on achieving strong performance (Meta Fundamental Al
Research Diplomacy Team (FAIR)' et al., 2022), with limited analysis of how internal representations
and behaviors change over training or which signals distinguish successful from failed runs.

3 METHODS

In this section, we first describe our experiment setting: the Diplomacy environment and the RL
training procedure that generates our data. We then present our two complementary pipelines for
extracting interpretable features from training runs. First, an SAE pipeline for fine-grained behavioral
analysis, including our Meta-Autointerp method. Second, an LLM summarization pipeline for
high-level pattern discovery.

3.1 ENVIRONMENT AND DATASET

Environment Full-Press Diplomacy is a seven-player strategy board game, where players control
major powers competing for territory. Success requires strategy, negotiation, managing relationships,
and sometimes betrayal. We use a Diplomacy LLM evaluation harness (Duffy et al., [2025), which
provides the infrastructure for LLM agents to play complete Full-Press games.

LLM Diplomacy Training We train LLM policies to play Diplomacy using Group Relative Policy
Optimization (GRPO) (Shao et al.,|2024), a policy-gradient method based on group-relative advantage
estimation. Let 7y denote the policy and let {7, ;} X ; be a group of K trajectories sampled from g,
under identical environment conditions. Each trajectory 7 is assigned a scalar return R(7). For each
group g, GRPO computes normalized advantages by subtracting the group mean return:

K
1
A(1g,i) = R(7g,5) — K ZR(ng)-
j=1
Policy updates maximize an importance-weighted policy-gradient objective:

L(O) =Errn,, [ mo(7) A(T)] .

T4 (T)

The importance ratio corrects for off-policy sampling within an iteration, while group normalization
bounds advantage magnitude without requiring a learned value baseline.

We specify the Diplomacy specific actions and rewards in Section [3.3]

Dataset We look at trajectories from 2 training runs: one where the model successfully improved
its performance, and one where it did not. Each run is 25 training steps (batches), with 8 groups per
batch, and 16 trajectories per group. Each group has the same random seed for the other agents. This
gives us a total of 6,400 trajectories.
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3.2 SAE FEATURE EXTRACTION PIPELINE

A Sparse Autoencoder (SAE) learns to decompose a model’s activation x € R? into a sparse
representation z = ReLU(WepeX + beye) € R™ (where m > d), trained to minimize reconstruction
error plus an L1 sparsity penalty. While SAEs are typically used for mechanistic interpretability of
model internals, recent work (Movva et al., 2025; Jiang et al., 2025) demonstrates their utility for
data-centric interpretability: sparse features from a separate LLM serve as interpretable “tags” that
can characterize text properties, identify correlations with target variables, and uncover novel insights
in datasets.

Activation extraction. We process each trajectory’s raw data (non-summarized) as follows: First,
we tokenize the full trajectory. Next, we chunk into 1,024-token spans with a sliding window of step
size 512 tokens. Then, we extract pretrained SAE activations, taking up to 100 of the most activated
features per token out of all features (262k total for the main SAE we used). This results in 6 billion
activations across the corpus.

Feature correlation calculation. Our primary goal is to see how features, which represent agent
behaviors, change with respect to the target variable of training step (unless specified otherwise). We
calculate the correlation of each feature independently. We mask a given feature’s activations in agent
outputs (“assistant” role) only, excluding the system prompt, updates from the environment, and
responses from tool calls. Within a trajectory, we aggregate the activation values of each trajectory
using one of four methods: binary (whether the feature has a non-zero activation in the sequence),
max, mean, and sum. We compute the Spearman or isotonic correlation between this aggregation
(X) and our target variable (Y). This yields 8 combinations of scoring techniques per feature, which
we find provides interesting and diverse results. We use all 8 in our analysis and run ablations over
them. Highly scoring features become candidates for validation, e.g. what agent behaviors change
over training.

3.3 META-AUTOINTERP

For each candidate feature, we conduct automated interpretation (autointerp), following [Paulo et al.
(2025). We add an extra step to rate each feature 1-5 over three terms. Interestingness: How helpful
is the concept this feature captures for understanding agent behavior. We emphasize the multi-agent,
strategic nature of the environment. Feature Coherence: How coherent are the types of tokens a
feature activates on. Context Coherence: How coherent are the types of contexts a feature tends to
activate in.

Meta-Autointerp We introduce a step that groups features with similar explanations into Meta-
Features. We first filter out features that score less than a 3 on Interestingness. We then prompt an
LLM to group features that activate on similar contexts and capture similar behaviors. Our analysis
finds some SAE features are not interesting or actionable in isolation, even when correctly explained
by autointerp. However, these same features can reveal meaningful patterns when grouped. We
generate hypotheses from these features or Meta-Features based on correlations.

3.4 LLM SUMMARIZATION PIPELINE

We compress the dataset into the final hypothesis generating LLM’s context length using summariza-
tion (Ou & Lapata, [2025; Chang et al., |2024). We employ a two-stage hierarchical summarization
approach inspired by [Sumers et al.| (2025)), who turn transcripts into structured interaction sum-
maries, then summarize across summaries. To capture how training dynamics change across batches,
we add an additional batch-level summarization step that preserves batch indices before the final
summarization.

Stage 1: Trajectory summarization Each trajectory (~50k tokens) is summarized to approximately
10k tokens, preserving phase structure, select tool call information, and key strategic events. We use
Gemini 2.5 Flash (Comanici et al.,|2025) with a structured prompt emphasizing diplomatic exchanges,
strategic decisions, and anomalous behaviors.
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Stage 2: Batch summarization Every trajectory summary in each batch (36 summaries) is further
summarized to ~10k tokens, for a total of 50 batch summaries. We summarize at the batch level to
ask for hypotheses for features that change over training batch.

Hypothesis extraction Finally, we present the 50 batch-level summaries to Claude Opus 4.5 [An-
thropic| (2025) to surface hypotheses about how agent behavior changes over the course of training.

3.5 IMPLEMENTATION DETAILS

Canonical Dataset Unless otherwise specified, we use a canonical set of 900 trajectories comprised
of 6 randomly sampled trajectories from each group, and 6 randomly sampled groups from each
batch, across the first 25 batches from one successful training run. Each trajectory includes the full
game record: all tool calls and internal thinking by the agent, responses from tool calls, and updates
to the game state.

Trained Model The LLM trained in the Diplomacy environment to generate the trajectories is
Qwen3-235B-A22B (Yang et al.,[2025)). We choose this model because it is the most capable open
weight model offered by our third party training API provider.

GRPO Training GRPO Training uses LoRA adapters (rank 32) with importance sampling loss.
For each training iteration, we collect 128 rollouts organized into groups of 16 trajectories, with
a batch size of 8. The learning rate is set to 2e-4. We use Adam with 5,=0.9, $2=0.95, and
e = 1078, The reward function combines per-phase and per-step components: a center delta reward
of 1.0 for each supply center gained or lost, a relative position bonus of 0.2 per center above the
starting count, a small message incentive of 0.02 per message during movement phases (with a
-0.05 penalty during retreat/adjustment phases), and a malformed tool penalty of -0.1. Games run
for 10 phases with a maximum of 40 turns per phase. No KL penalty against the base model is
applied during training. Actions consist of an assistant message followed by zero or more tool
calls: get_game_state (query phase and board state), get possible_orders (list legal unit
orders), 1ist_units (enumerate units), send message (negotiate), submit_all orders
(commit orders), write_diary (store notes), read_diary (retrieve notes), 1ist_rule_files
(list references), cat_rule_file (read rules), and finish_phase (advance the phase).

LLM Summarizer Model We use Gemini 2.5 Flash (Comanici et al., |2025) for the trajectory and
batch summaries due to its balance of cost and performance, and Claude Opus 4.5 to do the final
hypothesis generation over batch summaries due to its superior reasoning capabilities (Anthropic,
2025).

SAE We use SAEs from Gemma Scope 2 (McDougall et al 2025) because they use the lat-
est SAE techniques such as Matryoshka training (Bussmann et al., 2025), and JumpReLU (Ra;
jamanoharan et al., [2025). Our primary SAE is gemma-scope-2-27b-it-resid_post:
layer_ 31 width 262k_10_medium. We choose it because it is a canonical Gemma Scope
2 SAE, while being the largest SAE and model. We choose the middle layer of the model, which has
been shown to have the most semantically interesting features (Templeton et al.| 2024} Skean et al.,
2025).

4 RESULTS

In this section, we validate hypotheses from all three sources (LLM Summarizer, SAE features, SAE
Meta-Features), and discuss their results. We first conduct a user study on experts to validate our
hypotheses for interpretability and helpfulness. Then we use LLM judges to validate predictive
usefulness at scale, then validate with another user study for select top features.

4.1 USER STUDY 1: EXPERT VALIDATION ON INTERPRETABILITY AND HELPFULNESS

We validate that our pipelines produce features that are both interpretable and helpful for RL prac-
titioners, and that our meta-autointerp agrees strongly with human preferences. We gather 54
hypotheses from above 3 methods, with all 14 features from LLM-summarizer, all 20 features from
SAE Meta-Autointerp and randomly sampled 20 (out of 200) from SAE Autointerp.
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Hypothesis Source # Sig. Hypothesis Uplift P

Self-correcting mid-thought ("Wait—", catching +53.0%* <le-4
reasoning errors)

SAE META-FEATURES 90% (26/29) Adopting Napoleon/imperial persona with royal +46.8%* <le-4
titles
Asking questions to gather strategic intelligence  +44.0%* <le-4
Switching to foreign languages mid-conversation +34.0%* <le-4

Diplomatic framing words (“alliance”, “coopera- +35.0% 0.071
SAE FEATURES 45% (9/20) tion”, "interests”)

Power projection vocabulary ("dominance”, "am- +31.7% 0.092

bitions”, “’threat”)

Proposing pacts while secretly planning aggression  +26.7%  0.653
against same powers

Directly challenging Germany with aggressive +20.0% 0.653
moves

Confusion from phase/game-state discrepancies +14.3% 0.749
Submitting invalid support orders (misunderstand- +12.5%  0.699
ing game rules)

LLM-SUMMARIZER 21% (3/14)

Table 2: Evaluating the interpretability and predictive usefulness of hypotheses from 3 different sources: LLM
summary, SAE features, and SAE Meta-Features. We evaluate these on 50 sample pairs with hypothesis-random

sampling. Hypotheses are highlighted by direction: green = increases with training; red = decreases with

training. Their uplift is marked with an asterisk if *p < 0.05 via McNemar’s test with positive uplift. Hypotheses
are abbreviated for space.

We recruit three subject matter experts of Diplo-

macy for LLMs. Each rates all 54 hypotheses in Method Help. Interp.
randomized order, providing binary judgments LLM Summarizer 0.90 0.86
(0 or 1) for interpretability: Can you easily and SAE Meta-Autointerp ~ 0.85 0.83
unambiguously apply this hypothesis to new ex- SAE Autointerp 0.63 0.72

amples?” and helpfulness: ”Is this a hypothesis
you would want to and could explore further?”,
inspired by Movva et al.| (2025), and optional Table 1: Expert validation results (Study 1). Mean hu-
notes. Participants do not see which method man ratings on 0-1 scale. Meta-autointerp hypotheses
generated each hypothesis. outperform single feature autointerp, and LLM hypothe-

ses obtain the highest ratings.
Table 1 shows that SAE Meta-Features substan-

tially outperform SAE features on both helpfulness and interpretability. LLM-summarizer hypotheses
also achieve high human ratings, likely because they capture long-horizon strategic behaviors that
experts describe as “very helpful” in their notes.

We further evaluate how well autointerp’s score predicts human judgment. Meta-autointerp hypotheses
attain 95% helpfulness accuracy and 90% interpretability accuracy, compared to 75% and 85%
respectively for autointerp.

4.2 AUTOMATED HYPOTHESIS VALIDATION

Explainable Al research emphasizes that explanations should not only seem interpretable to human
raters, but also improve their mental models and performance on downstream tasks (Hoffman et al.,
2023)). We therefore test whether our hypotheses are predictively useful: does providing a hypothesis
help an observer better distinguish between training stages? We run an automated pipeline, followed
by another user study.

We collect hypotheses from the above three sources: LLM summarizer, SAE features, and SAE
Meta-Features. We take one 250-token sample from the first 5 training GRPO batches and one sample
from the last 5 . Then, we ask an LLM judge about the samples twice, independently. First, by simply
asking the question “"Which of the two samples came earlier/later in training?”. Second, by prompting
the LLM judge with the hypothesis before asking the question.
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Figure 2: (Left) Napoleon meta-feature displayed as the mean of its component features’ activations summed
per trajectory, plotted over batch. Early stage and late stage classes used for predictive usefulness validation
studies shown in red and green respectively. (Right) Examples of activating spans for feature 61985: references
to Napoleon. Token lightness represents the activation value relative to this feature’s maximum.

In order to source the two samples, we use two different methods. Hypothesis-random: The
positive-class sample (matching the hypothesis direction) is drawn from hypothesis examples where
the feature activated; the negative-class sample is drawn randomly from the corpus Random-both:
Both samples are drawn randomly from their respective classes.

Each pair of samples is evaluated by three LLM judges: Gemini 2.5 Flash (Comanici et al.| [2025]),
GPT-5 Mini (Singh et al.| 2025), and Grok 4.1 Fast (xAL [2025). We pool results across all three
judges and apply McNemar’s test. A hypothesis is deemed significant if its accuracy rate improves
with the hypothesis shown, and p < 0.05.

Table [2] provides the fraction of hypotheses that are significant (interpretable and predictively useful)
from each source. We find LLM summarizer-generated hypotheses perform worst (21% significant).
Individual SAE features achieve moderate success (45%), but grouping them into SAE Meta-
Features into semantic groups via meta-autointerp substantially improves performance (90%).

Discovered Features Overview The three hypothesis sources capture qualitatively different aspects
of agent behavior. LLM summarization surfaces more global features: coordinated anti-Germany
alliances, diplomatic aggression, and decreased tool-use errors. SAE features and Meta-Features
capture more local features largely invisible to the summarizer: imperial roleplay, formal proposals
of alliance, use of ultimatums, and self-correction in reasoning.

This difference likely reflects methodological choices: LLM summaries aggregate across full trajecto-
ries, while SAE features are extracted from only assistant turns. The complementarity suggests that
combining both pipelines yields broader coverage than either alone.

4.3 ANALYZING TRAINING PROGRESSION

A key advantage of our SAE pipeline over LLM summarization is the quantifiable nature of activations.
As shown in Figure [2] (Ieft), the Napoleon meta-feature is represented by 4 individual features which
are positively correlated with training step, showing what characteristics the agent learned over
training and when. We can also examine how these features co-correlate and detect anomalies.
For instance, “empire” and “royal titles” are positively correlated and sharply increase in step 13;
we show qualitative examples of this feature in Figure 2] (right). We further validate the existence
and coherence of these features using dense embeddings and keyword count, observing a strong
correlation with activation values over training. We decompose trajectories into assistant messages
and actions, generate feature-specific keywords and embeddings, and measure normalized keyword
frequencies and cosine similarity between feature labels and trajectory components.

4.4 USER STUDY 2: PREDICTIVE USEFULNESS

We aim to demonstrate that our features are not just predictively useful to LLMs, but for human
users. Our goal is to see if our framework can help practitioners distinguish between samples from
different conditions, for example early versus late in training. Unlike previous work on SAE feature
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Figure 3: (Left) Early representational divergence between successful and failed training runs. Step 6-9 is the
early warning window where SAE features signal the divergence while reward curves remain indistinguishable.
(Top Right) Human evaluation of hypothesis predictive usefulness across 18 hypotheses. A majority of SAE-
generated features improve early vs late classification, while LLM-generated hypotheses struggle to improve
accuracy. (Bottom Right) SAE features detected highly correlated reward hacking and related non-reward
hacking behaviors, validated by Regex.

interpretability (Jiang et al.,[2025; |[Movva et al., 2025)), we show features are useful for downstream
tasks instead of relying on subjective qualitative ratings. We measure whether providing a hypothesis
improves accuracy on a paired early-vs-late training classification task using identical text span
pairs with and without hypotheses. Performance is compared using a paired McNemar test over
per-pair correctness, with uplift defined as the difference in mean accuracy between conditions. We
conduct a study on compensated volunteers by collecting 277 responses across 18 hypotheses from
32 participants. Participants spend on average 10 minutes responding, 3 of which randomly receive a
payout compensation of 25 dollars.

Human Results Results in Figure 3] (top right) show high variance in hypothesis predictive useful-
ness. Several SAE generated hypotheses substantially improve early vs late classification accuracy,
including Spheres of Sovereignty (+52%) and Imperial Roleplay (+35%). Sparsity of feature acti-
vations is a major limitation. In Foreign Language Diplomacy (-28%), several sampled span pairs
have no instances of the behavior. Several SAE features are quite subtle and difficult to distinguish
by humans, especially within the short survey time and short text spans. While SAE features are
subjectively interesting, our empirical results suggest that they are much harder for users to use on a
downstream task. Among LLM generated hypotheses, only Increasing Anti-German Focus (+41%)
increase accuracy. We hypothesize both LLM and SAE generated hypotheses are more useful with
larger sample sizes and context, however LLLM features are disproportionately impacted as they
capture higher level features depending on longer context.

5 ANALYSIS

5.1 HYPOTHESIS-GUIDED PROMPT OPTIMIZATION

We want to test whether our collected hypotheses were actionable and effective, not just interpretable.
If the hypotheses capture behaviors that are actually effective in the Diplomacy environment, we
should be able to prompt an agent to do those behaviors to see if performance improves.
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We run 20 games of non-training diplomacy, ten under control condition and ten for intervention
condition. We use the base model from our early experiments, the Qwen3 (Yang et al.,[2025) model,
which has not been trained in the environment. In the control condition, the France agent is given
only the standard system prompt. In the intervention condition, the France agent receives the same
system prompt, but with 10 selected behavior hypotheses from our SAE Meta-Features pipeline.

Under the intervention condition, the agent achieves a higher average game score with a mean of
43.65 £ 8.06 compared to 38.20 £ 2.24 for the baseline, corresponding to an average improvement of
+5.45 points, or +14.2%. A two-sided ¢-test indicates that this difference is statistically significant
(t = 2.91, p = 0.006). While the intervention increases variance, the higher mean suggests that
hypothesis optimized prompts increase performance overall. These results demonstrate that the
outputs of our framework are useful for downstream tasks.

5.2 CASE STUDY 1: EARLY IDENTIFICATION OF BAD TRAINING RUNS

One of our GRPO training runs in the Full Press Diplomacy environment does not improve, which
we investigate in comparison with the successful run. As shown in Figure 3] (Ieft(A)), we analyze
these two runs: a good run that continues to improve and a bad run whose performance plateaus.
Before training batch 9, both runs achieve comparable reward, making them indistinguishable under
standard learning curves. However, SAE analysis uncovers a sharp divergence at this stage. Using the
top 20 automatically interpreted SAE features from each checkpoint, we fit a linear probe to classify
whether a trajectory comes from either run, calculating the false positive rate vs true positive rate
robustly regardless of class imbalance. As shown in Figure [3|(left(B)), probe performance rapidly
increases starting batch 6 with a combined AUC > 0.8, and reaches near-perfect AUC after step 9.
The combined AUC is calculated from logistic regression trained on standardized activations of 20
selected SAE features, evaluated via 5-fold CV at each training step.

Further inspection shows that this signal is driven by a single feature. In the bad run, as shown in
Figure 3] (left(C)), this feature remains approximately constant throughout training, while in the good
run it diverges sharply starting batch 6. Manual inspection reveals that this feature corresponds to
correctly using the tool to end a phase of the game. The good run learns to use this, whereas the bad
run fails to do so. The divergence in feature activation occurs at batch 6, whereas the divergence
in reward occurs at batch 9, meaning our method provides an earlier, more interpretable signal for
distinguishing good and bad runs.

5.3 CASE STUDY 2: REWARD HACKING

When analyzing good training runs with our framework, we find a variety of SAE features, one
of which captures the agent behavior of sending duplicate messages: not surprising as our reward
function gives +0.02 per message during movement phases. While manually investigating these
behaviors, we are surprised to find the agent also starts writing duplicate diary entries, a behavior
similar to duplicate message sending but does not result in any reward.

In Figure 3] (bottom right), we show that two SAE features present high correlation, and their accuracy
is validated by Regex keyword matching. This highlights an unexpected RL training pattern: reward
hacking behaviors can overflow into structurally similar but unrewarded actions. Our framework
provides a practical example of detecting previously hidden patterns in RL training dynamics.

6 DISCUSSION

Limitations Our analysis is constrained to a single environment with limited training runs. While
we observe strong correlations between features and outcomes, causal relationships are largely
untested, and our intervention experiment combined multiple features rather than ablating each
individually. Our intervention experiment validates that discovered features are actionable at inference
time, while we leave out the stronger test of using these features to monitor and intervene on live
training runs for future work. Future work includes intervention experiments at scale, SAEs with
longer context windows, and validation across different environments.
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Conclusion In this work, we present a framework for interpreting LLM training in complex
multi-agent RL environments. Our SAE Meta-Autointerp and LLM-summarizer pipelines reveal
complementary insights, fine-grained behavioral features and high-level strategic patterns respectively.
Through user studies and downstream validation, we find that not all interpretable features are useful.
Certain features that appear helpful are counterproductive when used by humans, but the right features
can predict training dynamics and guide practical interventions. We are excited to see future work in
this direction to ensure trustworthy and interpretable LLM behavior.
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