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Abstract

LLM agents that rely on external knowledge bases are vulnerable to memory corruption:
factually incorrect entries introduced by adversarial injection, data errors, or poisoned retrieval
can silently degrade their outputs. We study the generation-side dynamics of this failure mode
under oracle context construction, where all clean and corrupted facts are placed directly
in the prompt and retrieval effects are held fixed. Using a conflict density framework that
varies the number of contradicting entries injected per fact (from N=0 to N=20 copies),
we evaluate four datasets: Custom and ABC as non-public controls, and MQuAKE and
PopQA as public-fact benchmarks; the model set spans eleven dense open-weight models from
the Qwen2.5 and Llama 3.x families (0.5B–72B), plus Qwen3-235B-A22B as a sparse-MoE
extension and GPT-4o-mini as a closed-weight reference.

The experiments show that memory corruption has a local threshold structure. On
non-public facts, accuracy collapses after one or two contradictions: all evaluated models
show the same early cliff—Qwen2.5-7B, for example, falls from 97.5% at N=0 to 45.2% at
N=1 and 10.0% at N=2. Public facts are more resistant because parametric knowledge can
override corrupted context: across the eleven dense-family open-weight models, the MQuAKE
shielding area ∆AUC increases strongly with parameter count (R2 = 0.79, p < 0.001), while
PopQA preserves the direction more weakly (R2 = 0.57, p = 0.0075). Multi-turn write-back
mainly locks in the first-turn outcome rather than causing further accuracy decay across turns.
Finally, linear hidden-state probes detect corrupted target-fact insertions under length and
topical controls (AUROC 0.675–1.0), including pre-flip cases where the model still answers
correctly; the learned probe direction does not transfer across the Qwen/Llama families,
although it does transfer within the same family. Together, these results show that memory
corruption is a measurable generation-side failure mode driven by per-fact conflict density,
with concrete thresholds and probe readouts that must be trained and calibrated for the
deployed model.
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1 Introduction
LLM agents increasingly rely on external data stores—databases, document collections, accu-
mulated interaction histories—as persistent memory [Lewis et al., 2020, Zhong et al., 2023a].
When this memory becomes corrupted, the agent may produce plausible but factually wrong
outputs. The difficulty is that these errors can be invisible: the agent’s outputs remain fluent
and confident, giving no signal that the underlying facts are wrong. Consider an enterprise agent
whose product database has been partially corrupted: some customer queries will receive wrong
specifications, but the agent’s confident tone provides no signal that anything is wrong.

This thesis studies the generation-side mechanism behind that failure mode. Rather than
building an end-to-end retrieval agent, we use oracle context construction: all clean and corrupted
facts are provided directly in the prompt. This design deliberately holds retrieval ranking and
filtering fixed, allowing us to ask when a model follows corrupted context, when its parametric
knowledge shields the output, and whether hidden states reveal the conflict before the answer
changes. The resulting claims are therefore generation-side baselines for memory-augmented
agents, not a full deployment benchmark for RAG or SQL-backed systems.

Prior work on context–parametric knowledge conflicts shows that LLMs balance provided
context against training knowledge [Xie et al., 2023, Longpre et al., 2021], and that injecting
misinformation into retrieval corpora degrades QA accuracy [Pan et al., 2023]. However, these
studies typically compare aligned and conflicting contexts or measure aggregate misinformation
rates, rather than systematically varying the number of contradictions attached to one target fact.
A further challenge is that behavioral monitoring alone may be insufficient: we use parametric
shielding to denote the case where a model’s internal parametric knowledge masks corrupted
context and still leads to the correct answer. The corruption remains in the knowledge base,
undetected, while the output appears correct. For non-public facts with no parametric backup,
one or two contradictions can be enough to trigger the transition.

We address these gaps through three experiments built on a shared conflict density framework
(fig. 1). For each question, the knowledge base always contains the correct fact; we inject N
contradicting copies and measure when the model flips. Experiment 1 varies N across four
benchmarks: Custom and ABC as non-public controls (fictional personal facts and ERP records,
respectively), and MQuAKE and PopQA as public-fact benchmarks with parametric support.
Experiment 2 tests whether write-back amplifies corruption over successive turns. Experiment 3
trains activation probes on the open-weight probe model set to detect contradictions before
behavioral symptoms appear, with cross-family weight transfer restricted to hidden-dimension-
matched Qwen/Llama pairs and same-family transfer evaluated within each family.

1.1 Research Questions

RQ1 Corruption thresholds: How does agent accuracy depend on the number of contradicting
entries injected per fact?

RQ2 Parametric shielding and scale: Does parametric knowledge about a fact change the
corruption threshold, and does this effect depend on model size or architecture family?

RQ3 Compounding effects: When an agent with corrupted memory generates outputs that
are saved back to memory, does the corruption amplify over multi-turn interactions?

RQ4 Early detection via activation probes: Can activation probes trained on a model’s
internal representations detect memory corruption before it manifests in the agent’s outputs,
and how well do such probes generalise across datasets and across model architectures?
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1.2 Contributions

1. A conflict density framework that measures how many local contradictions are needed to
flip an agent’s answer, with Custom and ABC serving as non-public controls and MQuAKE
and PopQA as public-fact benchmarks (section 3.8).

2. Evidence for a sharp non-public-fact threshold: across the dense Qwen/Llama replications,
one clean fact plus two contradicting copies is enough to collapse accuracy on Custom and
ABC, with Qwen3-235B-A22B and GPT-4o-mini following the same early cliff (section 4.1).

3. A dense-scale analysis of parametric shielding, showing that larger dense Qwen/Llama
models resist public-fact corruption more strongly, while family effects and Qwen3-235B-
A22B limit any architecture-independent scaling claim (section 4.1).

4. A write-back experiment showing first-turn lock-in rather than compounding across turns:
early corrupted answers reinforce corrupted memory, while public facts can self-correct
when parametric knowledge supplies clean answers (section 4.2).

5. A controlled activation-probe study showing that corrupted target-fact insertions remain
linearly detectable under length and topical controls, including pre-flip cases where the
model still answers correctly; the readout stays strong within model and within family, but
does not transfer directly across the Qwen/Llama families (section 4.3).

All code and data: https://github.com/silexpinkie/SDU_Memory_Corruption_LLM.

2 Related Work
Memory-augmented agents and context–parametric conflicts. RAG conditions genera-
tion on retrieved documents and improves factual accuracy on knowledge-intensive tasks [Lewis
et al., 2020], and persistent memory systems such as MemoryBank [Zhong et al., 2023a] extend the
same pattern to long-term agent interactions by storing and retrieving facts across sessions. Both
settings depend on an external source that may become inconsistent, and several studies show
that LLMs do not simply prefer either context or parametric knowledge. Longpre et al. [2021]
find that models often follow provided context for entity-substituted questions, with variation by
model and domain; Xie et al. [2023] show that they adaptively weight context and parametric
knowledge according to coherence and frequency; Pan et al. [2023] inject misinformation into
retrieval corpora and observe majority-vote behavior; and Shi et al. [2023] show that even
irrelevant context can degrade reasoning. Zhang et al. [2025] model the resulting discrepancies
at the fact level. Our conflict-density framework sharpens this line by varying the number of
contradictions for a single target fact and measuring the per-question threshold at which the
answer flips, with non-public Custom/ABC and public-fact MQuAKE/PopQA isolating where
parametric knowledge changes that threshold.

Data poisoning and adversarial context interference. Corrupted evidence can change
model behavior abruptly. Betley et al. [2025] report sharp behavioral changes after narrow
fine-tuning, Greshake et al. [2023] show that indirect prompt injection in retrieved content can
hijack LLM-integrated applications, and Zeng et al. [2025] find that misleading retrieval can make
RAG systems answer less accurately than a no-retrieval baseline. A complementary line builds
defenses that control how strongly a model leans on retrieved context—through conflict-aware
prompts, staged semantic filtering, decoding-time parameter-versus-context controls, or steering
with interpretable features [Choi et al., 2025, Si et al., 2025, Bi et al., 2025, Zhao et al., 2024a].
Rather than proposing another defense, this thesis measures the local contradiction count at
which a memory-augmented agent fails and tests whether internal activations expose that failure
early.
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Probing, interpretability, and benchmarks. Probing classifiers [Belinkov, 2022] test what
information is linearly available in internal representations. Work closest to this thesis shows
that hidden states can reveal output-hidden properties: activation oracles detect properties not
visible in token predictions [Karvonen et al., 2025], residual-stream activations encode conflict
presence and source selection [Zhao et al., 2024b], mid-layer probes can predict knowledge-source
reliance [Tighidet et al., 2024], latent RAG probes separate conflicting from aligned knowledge
states [Gao et al., 2026], and representation-engineering work identifies directions associated with
truthfulness or context–memory reliance [Burns et al., 2022, Zou et al., 2023]. In contrast, we
use probes as measurement tools to test whether corrupted target-fact insertions are linearly
detectable from hidden states under progressively strict controls, including in pre-flip cases.

Benchmarks. The public-fact side of the thesis is anchored by two benchmarks. MQuAKE [Zhong
et al., 2023b] provides multi-hop world-knowledge questions with paired true/counterfactual
edits, sourced via MemoryAgentBench’s FactConsolidation preprocessing [Hu et al., 2025]; we
repurpose its fact pairs as clean/corrupted entity-swap pairs and invert the expected answers
back to the factually true values, because MemoryAgentBench’s selective-forgetting protocol
does not match our corruption-resistance framing. PopQA [Mallen et al., 2023] is a single-hop
open-domain QA benchmark for studying when models rely on parametric knowledge versus
retrieval; its questions serve as an independent public-fact replication after we filter exact and
near-overlapping MQuAKE questions.

3 Methodology
This section defines the common experimental setup used throughout the thesis—the agent
setup, the conflict-density framework, the evaluation metrics, the benchmark roles, and the
activation-probing controls—and closes with the per-experiment hypotheses and procedures that
build on these definitions (section 3.8). Figure 1 gives an overview of how the shared framework
feeds the three experiments.

Knowledge Base M

Conflict Density C(q, N) = M ∪ {c1, . . . , cN }

Benchmarks: Custom (80 q.) | ABC (100 q.) | MQuAKE (76 q.) | PopQA (240 q.)

Experiment 2
Compounding

Ninit ∈ {1, 2, 3}
10 write-back turns

Track lock-
in dynamics

Experiment 1
Thresholds

Vary N = 0 . . . 20
Measure accu-
racy per level
Identify phase

transition

Experiment 3
Activation Probes

Extract hℓ per layer
Train linear classifiers

3 probe controls

entity-swap conflicts; Exp1 varies N = 0–20, Exp2 writes back from Ninit = 1–3, Exp3 probes N = 0–10

Phase transi-
tion at N=1–2

Parametric
shielding gap

First-turn lock-in
No runaway ag-

gregate drift

AUROC 0.675–1.0
Pre-flip detection

GPT-4o-mini API

Qwen2.5
(7 sizes) 0.5B–72B

Llama 3.x
(4 sizes) 1B–70B

Qwen3 MoE ext. 235B-A22B

op
en

-w
ei

gh
t

Models

Figure 1: Experimental overview of the shared conflict-density framework. The four-benchmark design
pairs non-public Custom/ABC controls with public-fact MQuAKE/PopQA benchmarks. Experiment 1
measures contradiction thresholds, Experiment 2 tests write-back dynamics, and Experiment 3 probes
hidden states for pre-flip corruption signals.
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3.1 Agent Architecture

For each benchmark question, we construct a prompt containing a numbered list of facts and
pass it to an LLM for generation. A system prompt instructs the model to answer exclusively
from the provided facts (prompt templates are listed in section B.2). For all benchmarks, we use
oracle context construction: all facts for the current test case are placed directly in the prompt,
bypassing retrieval.

3.2 Conflict Density Framework

We define the conflict density for a question as the number of extra contradicting entries N
injected alongside the single clean supporting fact. At N=0, no extra contradicting entry is
injected; the prompt still contains the full clean knowledge base. For a knowledge base M and a
question q whose answer depends on fact fq ∈ M (referred to throughout as the target fact), the
corrupted-target context used across the contradiction range is:

C(q, N) = M ∪ {c1, c2, . . . , cN } (1)

where each ci denotes one of the N corrupted copies of fq (same subject and relation, different
object) created by entity swap. Corrupted copies are inserted at random positions and the list
is re-numbered, so the model sees no indication of which entries are genuine. The clean fact is
always present; the model must resolve a 1-vs-N conflict.

Three properties make this design interpretable. First, the clean supporting fact fq is always
present, so a correct answer is always available in the prompt. Second, all N contradicting
copies assert the same wrong answer, so the experiment tests a direct 1-vs-N conflict rather than
several competing alternatives. Third, corrupted copies are inserted at random positions and the
list is re-numbered, removing a simple positional cue. Together these properties give all three
experiments a clean baseline: the correct answer is always reachable, the conflict structure is
unambiguous, and positional cues are eliminated.

Corruption construction. Entity swap replaces the object of the target fact with a wrong
alternative of the same type. For Custom, MQuAKE, and PopQA this means replacing a named
entity with another entity of the same type. For ABC, whose facts are structured ERP records,
entity swap operates at the field level: numeric fields (weights, prices) are scaled by a plausible
factor, product IDs are swapped with other catalogue entries, and string fields are replaced with
domain-consistent alternatives.

3.3 Datasets

Custom benchmark. 80 fictional personal facts about a hypothetical user. Each fact has a
corresponding evaluation question, a predefined corruption mapping, and one definitive supporting
fact for scoring. This benchmark serves as the main non-public control: any accuracy drop is
attributable to conflict inside the supplied context.

ABC benchmark. 100 enterprise resource planning (ERP) facts extracted from a real produc-
tion ERP system and fully anonymized prior to inclusion (covering item descriptions, product
IDs, net weights, retail prices, BOM components, vendor data, and warehouse locations). The
anonymization preserves all cross-record relationships—item-to-vendor links, BOM hierarchies,
price and weight associations—so the dataset retains the structural properties of a live ERP. The
model has no parametric knowledge of these internal records, making ABC a second non-public
benchmark that tests robustness in a realistic enterprise domain with structured, numeric facts.

Taken together, Custom and ABC are the non-public controls; because the model has no
usable parametric backup for these facts, they also form the non-parametric side of the shielding
contrast.
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MQuAKE benchmark. 76 world-knowledge questions from MQuAKE [Zhong et al., 2023b],
sourced via MemoryAgentBench’s FactConsolidation preprocessing [Hu et al., 2025]. The original
MQuAKE records pair each true fact with a counterfactual edit; we keep the true fact as the
clean supporting fact and use the counterfactual entity for entity-swap corruption. The model
has parametric knowledge that agrees with the correct answer, making MQuAKE a public-fact
benchmark for the shielding analysis. Because MemoryAgentBench treats the counterfactual
answer as the desired newest fact, we invert the expected answers back to the factually true
values for this corruption-resistance setting.

PopQA benchmark. We construct a 240-question PopQA [Mallen et al., 2023] split from 14
relation classes with approximately balanced question counts, remove exact and near-overlapping
MQuAKE questions, and generate corruptions by replacing the clean object with another object
drawn from the same relation in the curated PopQA pool. This makes PopQA a second public-fact
benchmark with a different source and question distribution. We use it to test whether the
shielding and probe patterns observed on MQuAKE also hold on an independent open-domain
QA benchmark.

3.4 Evaluation Metrics

Factual accuracy. We measure the fraction of questions answered correctly at each contradic-
tion level N with the same rule for every benchmark: a response counts as correct if it contains
the expected answer string (case-insensitive substring match). The benchmarks differ only in
where that expected string comes from. For Custom and ABC it is the predefined keyword for
the queried fact (e.g., “Copenhagen” for a hometown question); for MQuAKE and PopQA it
is the factually correct public value of the queried fact. Each question has one expected fact
with one or more accepted answer strings (PopQA carries up to twelve surface-form aliases per
fact; ABC occasionally has two accepted phrasings); the matcher checks whether any accepted
string appears in the generated text. In answer-type breakdowns, hedged means that the model
surfaces both the inserted wrong answer and the correct answer, while unknown means that it
commits to neither.

Parametric shielding (∆AUC). Our primary cross-model metric for parametric shielding is
the trapezoidal area between the shielded degradation curve and the unshielded Custom curve:

∆AUC(D) =
∫ Nmax

0

[
accD(N) − acccustom(N)

]
dN, D ∈ {MQuAKE, PopQA}, (2)

approximated via the trapezoidal rule [Press et al., 2007] across the contradiction levels (N ∈
{0, 1, 2, 3, 5, 7, 10, 15, 20}). ∆AUC is computed directly from these measured accuracy points
and summarizes how much additional resistance parametric knowledge provides across the
contradiction range. We use ∆AUC as the headline shielding metric throughout the main text;
complementary Hill-function fits on a subset of models are reported in section A.3.

We compute ∆AUC for MQuAKE and PopQA; ABC is excluded because Custom is chosen
as the non-public reference curve.

3.5 Model Coverage

The main dense scaling analysis uses eleven open-weight instruction models spanning two dense
families: Qwen 2.5 (0.5B, 1.5B, 3B, 7B, 14B, 32B, 72B) [Qwen Team, 2024] and Llama 3.x (1B,
3B, 8B, 70B; spanning versions 3.1 and 3.2, referred to throughout as Llama 3.x) [Grattafiori
et al., 2024]. GPT-4o-mini [OpenAI, 2024] serves as a closed-weight commercial reference for
behavioral Experiments 1 and 2. Qwen3-235B-A22B [Qwen Team, 2025] is included to examine
how a much larger sparse-MoE model behaves under the same corruption pressure, but is reported
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as an extension point rather than a dense parameter-count comparison. Full model coverage,
layer counts, and hidden dimensions are listed in table 1. Throughout the thesis, Qwen denotes
the Qwen2.5 instruction models and Llama the Llama 3.x instruction models; we name a specific
version (e.g. Qwen3-235B-A22B or Llama-3.3-70B) only when that version is itself the subject of
the claim. All open-weight models used here are instruction-tuned, including Qwen3-235B-A22B
which runs in standard instruction mode. The Qwen3 dense diagnostic rows (section A.7) are
the sole exception: they are post-trained Qwen3 models run in non-thinking mode rather than
a standard instruction setup. GPT-4o-mini is a closed model whose architecture and training
details are not publicly disclosed.

The activation-probe experiment (Experiment 3) uses the same eleven dense models extended
by Llama-3.3-70B and Qwen3-235B-A22B, which contribute the Llama-3.1-70B/Llama-3.3-70B
same-family transfer pair and the sparse-MoE extension point respectively; the resulting probe
model set therefore covers thirteen models in total.

Table 1: Model coverage. The dense-family scaling regression uses the eleven Qwen 2.5 and Llama 3.x rows.
GPT-4o-mini is a closed-weight commercial reference, and Qwen3-235B-A22B is a sparse-MoE extension.
“Layers” and “Hidden” define the activation-probe geometry; Exp3† marks the hidden-dimension-matched
pairs used for direct cross-family probe transfer; Exp3 (same-fam.) marks the same-family extension pair.

Model Family Params (B) Layers Hidden Hardware Experiments
GPT-4o-mini OpenAI — — — OpenAI API Exp1, Exp2
Qwen2.5-0.5B-Instruct Qwen 0.49 24 896 A100-40GB Exp1, Exp2, Exp3
Qwen2.5-1.5B-Instruct Qwen 1.54 28 1536 A100-40GB Exp1, Exp2, Exp3
Qwen2.5-3B-Instruct Qwen 3.09 36 2048 A100-40GB / 3070 Ti Exp1, Exp2, Exp3†

Qwen2.5-7B-Instruct Qwen 7.62 28 3584 A100-40GB Exp1, Exp2, Exp3
Qwen2.5-14B-Instruct Qwen 14.77 48 5120 A100-40GB Exp1, Exp2, Exp3
Qwen2.5-32B-Instruct Qwen 32.51 64 5120 B200 Exp1, Exp2, Exp3
Qwen2.5-72B-Instruct Qwen 72.70 80 8192 B200 Exp1, Exp2, Exp3†

Llama-3.2-1B-Instruct Llama 1.24 16 2048 A100-40GB Exp1, Exp2, Exp3†

Llama-3.2-3B-Instruct Llama 3.21 28 3072 A100-40GB Exp1, Exp2, Exp3
Llama-3.1-8B-Instruct Llama 8.03 32 4096 A100-40GB / B200 Exp1, Exp2, Exp3
Llama-3.1-70B-Instruct Llama 70.55 80 8192 B200 Exp1, Exp2 (red.), Exp3†

Llama-3.3-70B-Instruct Llama 70.55 80 8192 B200 Exp3 (same-fam.)
Qwen3-235B-A22B-Instruct Qwen MoE 235.0 (22 act.) 94 4096 B200 Exp1, Exp2 (red.), Exp3

3.6 Activation Extraction and Probing

Activation extraction. A sample is one prompt for a specific question, contradiction level N ,
and trial. For each sample, we construct the corrupted-target context using the conflict-density
procedure above and format it with the model’s chat template. The same question appears
across multiple corruption levels and trials, but each prompt is a distinct sample. A single
forward pass captures the hidden state at every transformer block. We read the final prompt
token immediately before generation begins, giving a consistent answer-start position across
models and corruption levels. We record this last-token hidden state hl ∈ Rd at each layer
l ∈ {0, . . . , L−1}, where d and L are the model’s hidden dimension and layer count (table 1).
We extract at N ∈ {0, 1, 2, 3, 5, 7, 10} with 3 trials. The Custom and MQuAKE probe sets are
around 1,680 and 1,596 samples per model; the larger PopQA probe set is around 5,040 samples
per model because PopQA contributes 240 selected questions. Implementation details for token
positions and model-specific chat markers are reported in section B.
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Corrupted target
clean KB + N

contradicting target facts
label = corrupted target

Balanced control
clean KB + N

irrelevant facts
same length, no conflict

Topical control
clean KB + N clean

target duplicates
same length and topic

Forward pass
chat template
+ question

save last-token
hℓ at every layer

Question split
80/20 by question ID
no train/test leakage

Per-layer probe
standardise activations

train L2 logistic
regression at each layer

{h0, . . . , hL−1} Held-out AUROC
balanced/topical

Pre-flip detection
corrupted-target
samples still an-
swered correctly

Probe transfer
cross-family and
cross-benchmark
weight transfer

Balanced: rules
out context length

Topical: rules
out length +

topic repetition

Figure 2: Activation-probe pipeline. Each model produces hidden states for the corrupted-target context
and two matched controls (balanced for length, topical for length and topic). Per-layer linear probes
are trained on held-out question splits and evaluated by AUROC, pre-flip detection, and probe-weight
transfer across benchmarks and model families.

Probe architecture. The primary probe is an L2-regularised logistic-regression classifier
trained independently at each layer [Alain and Bengio, 2016]. Loss is class-weighted to compensate
for the imbalance between the single clean level (N=0) and the multiple corrupted levels (N>0)
combined, preventing the classifier from defaulting to the majority class. The linear form gives a
strict test: high AUROC means the corruption signal is directly separable in the hidden state,
not merely that a flexible classifier found a boundary. The regularisation limits overfitting
in high-dimensional activation space. All activations are standardised before training. The
implementation and probe choice are discussed further in section A.6.

Train/test split. We split by question identity (80/20), not by sample. All versions of a given
question—every corruption level, trial, and prompt variant—fall entirely into either train or test.
This prevents data leakage: the probe must generalise to unseen questions, not merely recognise
variants of questions it saw during training. Because the probe architecture and regularisation
are fixed before any layer-by-layer inspection, the best-layer AUROC describes where in the
network the signal peaks; it does not represent a separately tuned deployment choice.

Pre-flip evaluation. Each sample is labeled by its construction, not by the model’s answer: a
sample is labeled corrupted-target if the prompt contains entity-swapped copies of the target
fact (N>0), regardless of what the model outputs. After extraction, the model’s actual answer
is used to split corrupted-target samples into pre-flip cases (corrupted copies are present but the
model still answers correctly), setting aside samples where the model has already adopted the
corrupted answer or hedged. Pre-flip detection asks whether the probe can identify corruption in
the hidden state before it surfaces in the output. Detection rates are evaluated under each probe
control (section 3.7).

Probe-weight transfer. A linear probe’s weight vector lives in the source model’s activation
space, so direct zero-shot weight transfer requires the target model to share the same hidden
dimension. Within the planned cross-family transfer design, two Qwen/Llama pairs satisfy that
constraint: Qwen2.5-3B and Llama-3.2-1B both use 2048-dimensional hidden states, and Qwen2.5-
72B and Llama-3.1-70B both use 8192-dimensional, 80-layer configurations. We therefore train a
topical probe on each member of these two matched pairs and evaluate it on the other member
of the same pair.

For each source model, we first identify its best-performing layer k (the layer with the highest
within-model topical AUROC) and select the probe trained at that layer for transfer. That
probe’s weight vector is then applied—without any refitting—to every layer of the target model
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in turn, producing one AUROC value per target layer. We report two summaries from those
per-layer AUROCs: the aligned AUROC, which is the AUROC at the target layer at the same
relative depth as layer k in the source (for the 3B pair, where layer counts differ, this is the
nearest layer at that relative depth; for the 70B pair it is exactly target layer k), and the best
AUROC, which is the maximum AUROC across all target layers.

A calibrated variant that refits only the decision threshold on a small amount of target data is
described in section A.6. Same-family direct transfer follows the same hidden-dimension rule and
is implemented separately for the Qwen2.5-14B/Qwen2.5-32B and Llama-3.1-70B/Llama-3.3-70B
extension pairs on Custom and MQuAKE. To compare representation geometry beyond those
direct-transfer pairs, we compute linear CKA [Kornblith et al., 2019] over six models with
complete Custom and MQuAKE coverage at ten relative depths.

3.7 Activation-Probe Controls

A high AUROC on clean-vs.-corrupted-target prompts is not sufficient by itself if the probe
merely detects context length or generic context modification [Hewitt and Liang, 2019, Belinkov,
2022]. Injecting N corrupted copies increases total facts from |M| to |M| + N ; a linear probe
on last-token activations could pick up on the longer prompt, the extra list items, or the
changed token statistics rather than on target-fact conflict. Here, a control context means a
matched comparison context that preserves a possible confound while removing the corrupted
target-fact insertion. We therefore use three progressively stricter probes, each one removing
an additional prompt-construction confound before the probe result is treated as evidence of
corrupted target-fact detection:

1. Original probe. Clean (N=0) vs. corrupted-target (N>0). Useful as an initial separability
check, but confounded by prompt length: only the corrupted-target class contains extra
entries, so a length-sensitive probe would fire even without target-fact conflict.

2. Balanced probe. Corrupted-target-N vs. irrelevant-control-N at matched length. Both
prompts contain |M|+N entries; the difference is whether the N inserted entries contradict
the target fact (corrupted target) or repeat a clean, unrelated fact (irrelevant control). A
high AUROC rules out prompt length and generic list expansion as the signal source.

3. Topical probe. Corrupted-target-N vs. topical-control-N at matched length and topic.
Both prompts insert N copies of the target fact—entity-swapped (corrupted target) or
clean (topical control)—so they match on length, target entity, and target relation. A high
AUROC means the probe detects conflicting repetitions of the target fact specifically, not
mere repetition of the target entity or relation.

3.8 Experimental Protocol

All generation uses temperature 0 and fixed seeds, and answers are scored with a deterministic
answer-matching parser. The three experiments share the conflict-density framework, evaluation
setup, and model coverage in table 1; ∆AUC is specific to Experiment 1. Only the per-experiment
hypotheses and the settings that differ across experiments are recorded here.
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Experiment 1: Conflict-Density Threshold

We test two hypotheses. E1-H1 under a prompt majority-rules pattern, accuracy drops sharply
once the contradicting copies outnumber the single clean fact (N≥2). E1-H2 public-fact
benchmarks deviate from that reference because parametric knowledge can override corrupted
context, and the size of that deviation grows with model scale.

Procedure. Each question is evaluated at N ∈ {0, 1, 2, 3, 5, 7, 10, 15, 20} with 5 trials per level
on the full benchmark question sets, and ∆AUC is reported against the Custom reference for
both MQuAKE and PopQA.

Experiment 2: Compounding Effects

We test the hypothesis that write-back propagates the first-turn outcome: E2-H1 if a corrupted
answer is written back into memory, later turns receive corrupted supporting evidence and stay
corrupted, whereas clean first answers write back clean evidence and stay clean.

Procedure. For each initial contradiction count Ninit ∈ {1, 2, 3}, the same question is answered
over repeated turns with the initial contradictions kept in the prompt and each factual answer
written back before the next turn. Full runs use 10 turns, 3 trials, and full question sets;
Llama-3.1-70B, Qwen3-235B-A22B, and PopQA write-back runs use 5 turns, 1 trial, and 40
questions and are reported separately as scope-limited checks of the qualitative dynamics.

Experiment 3: Activation Probes

We test four hypotheses: E3-H1 clean and corrupted-target contexts are linearly separable from
hidden states at some layer; E3-H2 the signal survives length-matching against irrelevant-control
contexts; E3-H3 it survives topical matching against clean repeats of the same target fact; and
E3-H4 a probe direction transfers zero-shot to a different model family sharing the same hidden
dimension.

Procedure. For each probe model, we extract last-token hidden states at every layer for
N ∈ {0, 1, 2, 3, 5, 7, 10} with 3 trials and train per-layer logistic-regression probes under question-
level 80/20 splits, then evaluate the three controls from section 3.7. Pre-flip evaluation restricts to
corrupted-context samples where the model still answers correctly. Cross-family weight transfer
uses the two hidden-dimension-matched pairs in table 1 (Qwen2.5-3B / Llama-3.2-1B at 2048d,
Qwen2.5-72B / Llama-3.1-70B at 8192d); same-family transfer reuses the same code path on the
Qwen2.5-14B/32B and Llama-3.1-70B/3.3-70B pairs on Custom and MQuAKE. Cross-benchmark
transfer trains the balanced probe on one benchmark (Custom or MQuAKE) and evaluates it on
the other within the same model. The other probe models contribute within-model replications
of the controls and pre-flip detection.

4 Results

4.1 Experiment 1: Contradiction Thresholds and Parametric Shielding

Figure 3 summarizes the Experiment 1 degradation curves across Custom, ABC, MQuAKE, and
PopQA. The two non-public datasets largely follow a simple prompt-majority pattern: a tie near
N=1 and a corrupted answer from N≥2. Across the dense Qwen/Llama model set, Custom
reproduces this cliff uniformly: accuracy clusters near 42–59% at N=1, falls to 10–23% by N=2,
and is at most 12.5% by N=5. GPT-4o-mini (99.5 → 52.5 → 11.0%) and Qwen3-235B-A22B
(100 → 51.0 → 22.5%) show the same rapid collapse. ABC follows the same pattern, with every
model at or below 14% by N=5 (table 2).
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Figure 3: Experiment 1 degradation curves. Lines show the median across the reported model set; shaded
bands show descriptive between-model spread. Custom and ABC collapse after one or two contradictions,
while MQuAKE and PopQA decline more gradually because public facts can be shielded by parametric
knowledge.

On Custom and ABC at N≥2, models commit to the inserted wrong answer rather than
hedging or returning neither (fig. 4): the collapse is adoption of the corrupted answer, not a
rise in uncertainty. Across the eleven dense models at N=2, the inserted wrong value accounts
for 73.8% of Custom and 59.3% of ABC answers, against only 1.7% and 5.7% hedged and 5.6%
and 11.3% committing to neither. E1-H1 is therefore supported on the non-public benchmarks:
once the contradicting copies outnumber the single clean fact, accuracy collapses to the inserted
wrong answer across the full model set.

Compared with the non-public Custom and ABC controls, MQuAKE and PopQA behave
differently because their target facts are public world knowledge. Accuracy still declines, but
the transition is shifted and flattened, and the accuracy scales with model size. At N=20 on
MQuAKE, the sub-14B dense models stay at or below 20.8%, whereas the four largest dense
models (Qwen2.5-14B/32B/72B and Llama-3.1-70B) reach 49.2–69.5%; GPT-4o-mini (6.1%)
tracks the small-model band while the sparse Qwen3-235B-A22B reaches 56.1%. PopQA preserves
the same ordering with a weaker effect: the large dense models stay between 25.6% and 57.6% at
N=20 against at most 17.5% for the sub-14B models. Across the eleven dense models, 235 of 836
MQuAKE question–model pairs (28.1%) and 547 of 2,640 PopQA pairs (20.7%) are correct in
the majority of trials at N=20, reflecting questions where parametric knowledge holds through
N=20.

The appendix heatmaps (fig. A1) provide the per-question view of the same pattern; full
per-model degradation curves for all four datasets are shown in fig. A4.
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Figure 4: Answer outcomes and first-flip-point distributions for Experiment 1, across the eleven dense
Qwen2.5 and Llama 3 models. Top: the inserted wrong answer accounts for the large majority of Custom
and ABC responses from N≥2, with hedging rates remaining below 6%; MQuAKE and PopQA retain a
larger correct-answer share across the range. Bottom: per-question first-flip-point counts across all (model,
question) pairs; Custom and ABC cliff sharply at N=1–2 while MQuAKE and PopQA have longer tails
of resistant pairs.

Parametric shielding across model scale. Using the ∆AUC shielding metric defined in
section 3.4, public-fact shielding increases strongly with dense model scale, but the relationship
is family-dependent. On MQuAKE, the sub-4B dense models remain at or below 14.0% accuracy
at N=20, while Qwen2.5-72B reaches the largest measured shielding area (∆AUC=13.02) and
remains at 69.5%. Llama-3.1-70B is also substantially shielded, but less so than the matched
largest Qwen2.5 model: it reaches ∆AUC=9.04 and 49.2% accuracy at N=20. E1-H2 is therefore
supported in a refined form: within the measured dense Qwen/Llama families, larger models
maintain higher public-fact accuracy under the same contradiction pressure, while the strength
of shielding still depends on model family (table 2).

Across the eleven dense Qwen/Llama models, MQuAKE ∆AUC is strongly associated with
log10 parameter count (R2=0.79, p=0.00023). This supports a scale-dependent shielding trend
rather than an effect driven by one model size.

The trend is family-dependent. Adding a binary family indicator (1 = Llama, 0 = Qwen2.5)
alongside log parameter count improves fit from R2=0.79 to R2=0.89; the Llama indicator carries
a negative coefficient (β=−2.32, p=0.026) while scale remains significant (p<0.001). At 7B–8B,
Qwen2.5-7B and Llama-3.1-8B are nearly matched, but at the largest scale Qwen2.5-72B is more
shielded than Llama-3.1-70B.

PopQA points in the same direction, but with a weaker effect and stronger family dependence:
Qwen2.5-72B stays at 57.6% at N=20, Llama-3.1-70B at 25.6%, and GPT-4o-mini at 3.0%.
Across the same eleven Qwen/Llama dense models, PopQA shielding area against Custom gives
R2=0.57, p=0.0075. Within Qwen2.5 alone the trend is stronger (R2=0.81, p=0.0061), while the
four-point Llama-only trend is not significant (R2=0.57, p=0.25; n=4).
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Table 2: Experiment 1 results across all four datasets. For Custom and ABC, values are accuracy (%)
at N=2 and N=5, capturing the unshielded cliff. For MQuAKE and PopQA, ∆AUC is the area above
the Custom degradation curve over N ∈ {0, . . . , 20}, with endpoint accuracy at N=20. The eleven
Qwen/Llama rows form the dense scaling regression; GPT-4o-mini and Qwen3-235B-A22B are outside the
dense regression. Per-model accuracy at all reported N levels for all four datasets is in table A2.

Custom ABC MQuAKE PopQA

Model N=2 N=5 N=2 N=5 ∆AUC N=20 ∆AUC N=20

Qwen2.5-0.5B 21.5 5.0 18.0 7.0 2.66 11.1 2.58 11.2
Qwen2.5-1.5B 23.2 3.5 20.8 3.6 4.43 13.9 4.51 17.5
Qwen2.5-3B 14.0 1.2 13.0 4.0 3.47 10.0 2.66 4.6
Qwen2.5-7B 10.0 0.5 21.4 5.0 5.54 17.4 4.39 12.0
Qwen2.5-14B 22.0 10.5 28.4 12.0 9.99 49.2 8.81 45.9
Qwen2.5-32B 23.2 12.5 22.2 9.0 9.62 55.8 8.41 45.6
Qwen2.5-72B 11.8 2.5 32.8 6.4 13.02 69.5 10.32 57.6

Llama-3.2-1B 21.2 3.8 25.6 14.0 2.35 8.9 3.34 9.3
Llama-3.2-3B 18.5 1.5 26.2 5.8 1.90 2.4 1.91 0.9
Llama-3.1-8B 21.8 4.8 20.8 4.0 5.47 20.8 2.44 5.3
Llama-3.1-70B 21.2 8.0 31.8 12.0 9.04 49.2 5.88 25.6

Qwen3-235B-A22B 22.5 11.2 24.4 11.0 9.54 56.1 7.68 45.8
GPT-4o-mini 11.0 1.8 17.2 3.4 2.77 6.1 1.49 3.0

Figure 5 shows the dense scaling comparison. GPT-4o-mini is excluded from Panel A and the
dense parameter-count regression because its parameter count is not public. Qwen3-235B-A22B
is excluded because it is a sparse-MoE model with 235B total but only ~22B active parameters
per token, placing it outside the dense scaling comparison. Interestingly, on both benchmarks
Qwen3-235B-A22B lands close to the matched dense 70B models: MQuAKE ∆AUC=9.54 (vs.
Llama-3.1-70B 9.04 and Qwen2.5-72B 13.02) and PopQA ∆AUC=7.68 (vs. 5.88 and 10.32). This
is higher than the dense scaling regression would predict for a ~22B-parameter model and closer
to the 70B range; neither the active nor the total parameter count gives a clean fit from the dense
regression. We also extended MQuAKE to N ∈ {30, 50, 100} for Qwen2.5-14B, Qwen2.5-72B,
and Llama-3.1-70B (fig. A3): Qwen2.5-72B largely plateaus at 65.4% through N=100, while
Qwen2.5-14B and Llama-3.1-70B decay to 29.0% and 38.6%, confirming the N≤20 conclusions.
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Figure 5: Dense scaling and shielding-area examples. Panel A: ∆AUC versus parameter count for the
eleven dense Qwen/Llama models; lines show log-linear fits. Panel B: shielding area for Qwen2.5-0.5B and
Qwen2.5-72B; shaded regions are the MQuAKE–Custom and PopQA–Custom ∆AUC values in Panel A.

4.2 Experiment 2: Write-Back Compounding

The results of experiment 2 point to first-turn lock-in rather than a failure that compounds turn
by turn: turn 0 largely determines which answer state the question enters. On Custom, questions
that flip early write back corrupted entries and remain corrupted; questions that survive write
back clean entries and remain clean. The dominant pattern is therefore first-turn lock-in.

On MQuAKE, write-back often increases accuracy because parametric knowledge supplies
correct answers that are then written back as clean evidence. Figure 6 summarizes this effect for
the hardest full-run setting, Ninit=3. The Qwen2.5 trajectories show that larger models start at
substantially higher accuracy and remain stable or improve across turns. The transition panel
shows why this is lock-in rather than gradual averaging: most runs that begin correct remain
correct, most runs that begin corrupted remain corrupted, and the main improvement comes
from a smaller corrupted-to-correct self-correction share. Llama-3.1-70B and Qwen3-235B-A22B
use the reduced-scope setting, but they show the same qualitative MQuAKE pattern over five
turns.

Table 3 gives representative numeric turn 0-to-final trajectories. The important comparison
is the direction from turn 0 to the final turn: when early answers are clean, write-back supplies
more clean evidence; when early answers are corrupted, the corrupted state tends to persist.

Table 3: Selected write-back trajectories. Values are turn 0 to final-turn accuracy in percent. Full runs:
10 turns, 3 trials; reduced runs: 5 turns, 1 trial, 40 questions. All models in table A4.

Model Dataset Ninit=1 Ninit=3
GPT-4o-mini (full) Custom 47.9 → 51.7 3.3 → 3.3
Qwen2.5-72B (full) Custom 43.3 → 46.7 5.4 → 5.4
GPT-4o-mini (full) ABC 33.7 → 41.3 6.3 → 9.0
Qwen2.5-72B (full) ABC 56.0 → 62.0 15.0 → 25.0
GPT-4o-mini (full) MQuAKE 73.7 → 79.4 31.6 → 43.0
Qwen2.5-72B (full) MQuAKE 81.6 → 83.8 76.3 → 82.5
Llama-3.1-70B (reduced) MQuAKE 90.0 → 92.5 72.5 → 82.5
Qwen3-235B-A22B (reduced) MQuAKE 92.5 → 92.5 77.5 → 82.5
Qwen2.5-72B (reduced) PopQA 80.0 → 85.0 57.5 → 70.0
Llama-3.1-70B (reduced) PopQA 92.5 → 92.5 70.0 → 77.5

The same lock-in pattern holds on the remaining benchmarks. On PopQA, write-back is
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Figure 6: MQuAKE write-back dynamics at Ninit=3. Panel A shows Qwen2.5 dense-model trajectories
over the full 10-turn setting; each point is averaged across 3 trials. Panel B decomposes full-run GPT-4o-
mini, Qwen2.5, and Llama runs by first-turn-to-final verdict: correct-to-correct, corrupted-to-corrupted,
corrupted-to-correct, correct-to-corrupted, and hedged/other. The large correct-to-correct and corrupted-
to-corrupted segments show first-turn lock-in; the smaller corrupted-to-correct segments explain the
aggregate self-correction.

stable or improving for the large dense models (Qwen2.5-72B 57.5 → 70.0% and Llama-3.1-70B
70.0 → 77.5% at Ninit=3), with no runaway degradation. On ABC, the second non-public
benchmark, write-back reproduces the Custom pattern: corrupted first turns persist while clean
first turns supply clean evidence, leaving only modest recovery (Qwen2.5-72B 15.0 → 25.0%
at Ninit=3). Table A4 gives the full set across all models and benchmarks. E2-H1 is therefore
supported in its lock-in form rather than as a failure that compounds turn by turn: preventing
the first flip matters more than expecting multi-turn averaging to repair non-public facts.

4.3 Experiment 3: Activation-Probe Detection

Experiment 3 has three findings. First, the strict topical control still separates corrupted-target
from clean-target prompts across the probe model set, so corrupted target-fact insertions are
linearly encoded in hidden states rather than detected through prompt length or topical repetition
(E3-H1–E3-H3). Second, the same controlled signal is already present pre-flip, on samples where
the model still answers correctly, so the probe is not reading out a wrong answer token. Third,
the learned probe direction is portable across benchmarks within a model and across same-family
pairs, but direct Qwen↔Llama probe-weight transfer stays near chance (E3-H4 not supported).

Controlled detection. Figure 7 traces probe AUROC by relative network depth under the
three controls of section 3.7. The original clean-vs.-corrupted probe is near ceiling already in
early layers, but this is not yet a target-fact claim: under length-matched irrelevant insertions
the same probe raises near-100% false alarms (fig. A5). After length matching, the balanced
probe stays strong, and the topical control—clean repeats of the same target fact—still separates
corrupted-target activations later in the network. The topical signal peaks between roughly
48% and 75% relative depth and then weakens toward the output, consistent with semantic
features becoming specialised for next-token prediction [Alain and Bengio, 2016]. On MQuAKE,
best-layer topical AUROC ranges from 0.675 for Qwen2.5-0.5B to 1.000 for Qwen3-235B-A22B,
with every model from 1.5B upward exceeding 0.94 and all ≥7B models reaching at least 0.982;
on Custom, topical AUROC ranges from 0.711 for Qwen2.5-0.5B to 1.000. PopQA reproduces the
same direction under the same strict control, with a weaker smallest-model point (Qwen2.5-0.5B
at 0.739, Llama-3.2-1B at 0.847, all remaining dense models above 0.94; table A5), and ABC
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Figure 7: Probe AUROC by relative network depth across the reported probe models. The original probe is
near ceiling early, the balanced probe stays strong after length matching, and the topical corrupted-target
signal peaks between roughly 48% and 75% depth before fading toward the output.

reproduces the same pattern across the eleven dense Qwen/Llama models (0.796 on Llama-3.2-1B
to 1.000 on four models at ≥14B; table 4). E3-H1–E3-H3 are therefore supported across four
benchmarks and the dense Qwen/Llama model set, with the corrupted-target claim resting on
the balanced and topical controls rather than the original probe.

Table 4: Best-layer topical-control AUROC by model and benchmark. Dashes (–) indicate benchmarks
not included in the activation-extraction run for that model (Qwen3-235B-A22B PopQA and ABC not
extracted).

Model Custom ABC MQuAKE PopQA
Qwen2.5-0.5B 0.711 0.863 0.675 0.739
Qwen2.5-1.5B 0.967 0.898 0.941 0.946
Qwen2.5-3B 0.984 0.954 0.982 0.981
Qwen2.5-7B 0.996 0.996 0.983 0.996
Qwen2.5-14B 1.000 1.000 0.998 1.000
Qwen2.5-32B 1.000 1.000 1.000 1.000
Qwen2.5-72B 1.000 0.999 0.998 0.999
Llama-3.2-1B 0.866 0.796 0.792 0.847
Llama-3.2-3B 0.983 0.967 0.975 0.971
Llama-3.1-8B 1.000 0.995 0.985 0.993
Llama-3.1-70B 1.000 1.000 1.000 1.000
Qwen3-235B-A22B 1.000 — 1.000 —

Pre-flip detection. The same controlled signal is already present before the model’s answer
changes. Pre-flip evaluation restricts to corrupted-target samples where the model still answers
correctly; checking only the final answer would treat these samples as clean, so any separation
must come from the internal state rather than from a wrong answer token. Figure 8 reports
pre-flip detection rates under both controls. Under the balanced control the probe is uniformly
strong. Under the strict topical control, Custom detection ranges from 73.9% for Qwen2.5-0.5B
to 100% for models ≥14B, while MQuAKE is the hardest setting at small scale (Qwen2.5-0.5B
67%, Llama-3.2-1B 59%, Qwen2.5-3B 76%); from 7B upward, every model exceeds 91%, and
Qwen2.5-32B, Llama-3.1-70B, and Qwen3-235B-A22B reach 100% in the finite held-out subset.
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Figure 8: Pre-flip detection on held-out corrupted-target samples where the model still answers correctly.
Bars compare the balanced and topical controls. Topical MQuAKE is the hardest setting and becomes
near ceiling at ≥7B.

ABC pre-flip across the eleven primary dense models ranges from 65.1% (Llama-3.2-1B) to 100%
on four models; full per-model diagnostics across all four datasets are in table A5. The practical
reading is that for ≥7B dense models, a within-model probe flags corrupted target evidence in
the hidden state before the model commits to a wrong answer.

Cross-benchmark and within-family portability. The probe direction generalises beyond
the benchmark it was trained on, as long as the source and target activations come from the same
model. A balanced probe trained on merged Custom+MQuAKE reaches joint AUROC 0.96–1.00
across the four-model transfer set (Llama-3.2-1B, Qwen2.5-3B, Llama-3.2-3B, Qwen2.5-7B), and
training on one benchmark and testing on the other (Custom→MQuAKE or MQuAKE→Custom)
reaches 0.85–0.98 (table A6). Same-family weight transfer is also strong but depth-dependent
(table 5). The matched 70B Llama pair (Llama-3.1-70B and Llama-3.3-70B) is essentially
identical: aligned-depth AUROC is 0.999–1.000 on Custom and 0.995–0.997 on MQuAKE, with
no gap to the best-layer scan. The Qwen2.5-14B/Qwen2.5-32B pair has different layer counts
(48 vs. 64) and is asymmetric under fixed relative-depth alignment: Qwen2.5-14B→Qwen2.5-32B
aligned-depth AUROC is 0.749 and 0.748 (Custom, MQuAKE), while the reverse 32B→14B
direction is already 0.976 and 0.978. Scanning the same source probe weights across every target
layer recovers 0.985–0.999 zero-shot in both Qwen directions. Within-model and within-family
portability therefore hold; for pairs with different layer counts, a best-layer scan is needed rather
than fixed relative-depth alignment.

Cross-family transfer. Direct Qwen↔Llama probe-weight transfer stays near chance (table 5).
For the 3B-scale pair (Qwen2.5-3B and Llama-3.2-1B, both 2048-dim), aligned-depth AUROC is
0.470–0.512 on Custom and MQuAKE and a best-layer scan still only reaches 0.512–0.544; for
the 70B-scale pair (Qwen2.5-72B and Llama-3.1-70B, both 8192-dim), aligned-depth AUROC is
0.269–0.502 and the best-layer scan stays at 0.573–0.580; the gap of up to 0.30 shows that the
probe transfers better to a different Llama layer than the one it came from in Qwen, even though
both models have the same number of layers. Within-model topical AUROC on the same pairs
reaches up to 0.984 at 3B scale and 0.998–1.000 at 70B scale, so the transfer gap is large in every
direction. Refitting only the decision threshold on target data gives a marginal lift at 3B scale
and a larger but still insufficient lift at 70B scale (best 0.684 for Qwen2.5-72B→Llama-3.1-70B
on Custom), confirming that the probe direction does not transfer; full calibrated results are in
section A.6. E3-H4 is therefore not supported: shared hidden dimension and matched scale are
not sufficient for direct cross-family probe-weight transfer. Linear CKA on the six-model set,
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Table 5: Probe-weight transfer summary. Cross-family Qwen↔Llama transfer stays near chance regardless
of layer selection. Same-family transfer succeeds; for the Qwen2.5-14B/32B pair (different layer counts),
fixed relative-depth alignment (Aligned) falls well below a best-layer scan (Best).

Dataset Transfer direction Aligned-depth AUROC Best-layer AUROC
Cross-family: 3B-scale pair (Qwen2.5-3B / Llama-3.2-1B, both 2048-dim)
Custom Qwen2.5-3B → Llama-3.2-1B 0.482 0.512
Custom Llama-3.2-1B → Qwen2.5-3B 0.470 0.539
MQuAKE Qwen2.5-3B → Llama-3.2-1B 0.512 0.533
MQuAKE Llama-3.2-1B → Qwen2.5-3B 0.511 0.544
Cross-family: 70B-scale pair (Qwen2.5-72B / Llama-3.1-70B, both 8192-dim, 80L)
Custom Qwen2.5-72B → Llama-3.1-70B 0.399 0.579
Custom Llama-3.1-70B → Qwen2.5-72B 0.502 0.580
MQuAKE Qwen2.5-72B → Llama-3.1-70B 0.269 0.573
MQuAKE Llama-3.1-70B → Qwen2.5-72B 0.500 0.574
Same-family: Qwen2.5-14B / Qwen2.5-32B (5120-dim, 48L vs. 64L)
Custom Qwen2.5-14B → Qwen2.5-32B 0.749 0.998
Custom Qwen2.5-32B → Qwen2.5-14B 0.976 0.999
MQuAKE Qwen2.5-14B → Qwen2.5-32B 0.748 0.989
MQuAKE Qwen2.5-32B → Qwen2.5-14B 0.978 0.985
Same-family: Llama-3.1-70B / Llama-3.3-70B (8192-dim, 80L; aligned = best)
Custom Llama-3.1-70B → Llama-3.3-70B 1.000 1.000
Custom Llama-3.3-70B → Llama-3.1-70B 0.999 1.000
MQuAKE Llama-3.1-70B → Llama-3.3-70B 0.995 0.995
MQuAKE Llama-3.3-70B → Llama-3.1-70B 0.997 0.997

averaged over ten relative depths, locates the failure: cross-family similarity lies between 0.50
and 0.77, a non-trivial overall geometric overlap that nonetheless sits far above the near-chance
best-layer transfer AUROC of 0.512–0.544 for the 3B pair and 0.573–0.580 for the 70B pair. The
families thus share moderate representational structure but not the specific linear corrupted-target
direction the probe reads out (fig. A6).

5 Discussion

5.1 Interpretation

The experiments support a simple but operationally important picture: memory corruption is
governed less by an overall corruption rate than by the local conflict around a fact. When a
non-public or novel fact appears once correctly and twice incorrectly, the model usually follows
the local majority. That behavior explains the sharp Custom and ABC cliffs and clarifies why
aggregate retrieval-poisoning rates can miss the practical failure threshold.

Parametric knowledge changes the surface behavior without repairing the memory. On
MQuAKE and PopQA, larger dense models often answer correctly despite contradictory context,
especially when their parametric knowledge strongly supports the clean answer. Within the
measured families this shielding is family-dependent as well as scale-dependent: at the largest
scale Qwen2.5 resists corrupted context more than the matched Llama model, so model size sets
the overall trend while family sets its strength. This shielding is useful if the model’s parametric
knowledge is current and correct, but it creates a behavioral blind spot: a correct output does not
imply that the knowledge base is clean. The same mechanism can also hide legitimate updates
when an enterprise database is newer than the model’s training data.

Write-back dynamics make the first turn especially important. The experiments do not show
further deterioration across turns; they show lock-in. For non-public facts, early flips reinforce
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corrupted memory and early correct answers reinforce clean memory. For public facts, parametric
knowledge can supply clean answers that gradually dilute corruption. Prevention and early
detection are therefore more valuable than waiting for multi-turn averaging to repair a corrupted
state.

The probe results provide that early-detection route, but with a clear engineering boundary:
a model’s hidden state encodes the corrupted-target signal under length and topical controls—
including before the answer flips—yet that encoding is not a universal direction that moves
across model families even when the overall activation geometry is broadly shared. Within-
model cross-benchmark reuse and same-family weight transfer both generalise well, but a probe
deployed in production must be trained on the target model and a representative sample from
the deployment data distribution.

5.2 Implications for Deployed Systems

For memory-augmented agents, the results imply three design requirements. First, systems
should monitor per-fact conflict density, not only corpus-level corruption rates, because two
local contradictions can be enough to outvote a non-public fact. Second, correct answers from
large models should not be used as evidence that the retrieved memory entries are clean; they
may indicate parametric override of conflicting context. Third, internal probe-based checks are
plausible because the probe is a single linear readout at a selected layer, but the probe must be
trained on the model and data distribution it will guard.

5.3 Limitations

• Oracle context. The experiments bypass retrieval by placing all clean and corrupted
facts in the prompt. This isolates generation-side conflict resolution, but deployed RAG
systems may filter, rank, or partially retrieve the conflict set.

• Uniform corruption. The main experiments use repeated copies of one wrong answer.
The diverse-corruption check in section A.8 preserves the phase-transition shape, but
near-miss entities, paraphrased contradictions, and partial numeric edits remain open.

• Model and generation-regime scope. The dense scaling claim is supported for Qwen2.5-
Instruct and Llama-Instruct, with Qwen3-235B-A22B treated separately as sparse-MoE.
The appendix Qwen3 dense runs (section A.7) cover a different model set (Qwen3 dense,
1.7B–32B) under non-thinking mode, but their narrower parameter range (no sub-2B or
72B anchor) and decoding-regime difference mean they are not pooled with the matched
instruction-tuned scaling fit.

• Reduced large-model write-back. Llama-3.1-70B, Qwen3-235B-A22B, and PopQA
write-back runs use reduced settings. They support the qualitative pattern but are not
substitutes for a full matched sweep.

• Probe specificity. Cross-benchmark transfer within a model and same-family weight
transfer remain strong, but direct cross-family probe-weight transfer stays near chance.
Deployment would still require model-specific calibration.

5.4 Considerations

The thresholds reported here have dual-use value. They make knowledge-base poisoning easier
to reason about, but they also give defenders concrete test cases for monitoring and hardening
memory-augmented systems. The strongest practical recommendation is defensive: detect and
quarantine local fact conflicts before the agent writes them back into memory.
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5.5 Future Work

Three directions follow directly from the findings. First, because the oracle-context design fixes the
conflict set, the natural next experiment is to introduce a retrieval stage with ranking and filtering
in front of the generator and measure how retrieval reshapes the effective conflict density that
reaches the model: whether ranking concentrates duplicated corrupted copies into the same local
majority that drives the Custom and ABC cliffs, or dilutes them below the two-copy threshold.
This reframes retrieval quality as a control on N rather than as a separate upstream stage.
Second, the sparse-MoE point is unresolved: Qwen3-235B-A22B shields public facts at roughly
the dense-70B level, yet neither its active nor its total parameter count places it on the dense
scaling fit (fig. 5). A dedicated MoE ladder—varying active-expert count and total parameters
independently—would test whether shielding tracks active capacity, total parameters, or routing
behaviour, and whether the per-fact threshold structure survives conditional computation.

Third, the probe detects the corrupted-target signal before the answer flips, which raises
the question of whether the same direction can be used for intervention rather than detection.
Activation steering along the identified corruption axis—adding or subtracting a scaled version of
the probe direction at inference time—would test whether the hidden-state geometry identified
here is causally linked to the flip, or merely correlates with it. A positive result would convert
the probe from a passive flag into an active correction mechanism, without requiring retraining.

6 Conclusion
This thesis shows that memory corruption in LLM agents has a local threshold structure. Under
oracle context construction, one clean fact plus two contradicting copies is enough to collapse
accuracy on non-public facts, while public facts can be shielded by parametric knowledge in a
scale- and family-dependent way. That shielding is not the same as safety: the answer may be
correct while the knowledge base remains corrupted.

The write-back and probe experiments sharpen that point. Multi-turn write-back tends to
lock in the first-turn outcome rather than compounding across turns, so preventing the first
corrupted answer matters more than expecting later turns to average the memory back to
correctness. The probe results show that corrupted target-fact insertions are linearly detectable
before output failure, including cases where the generated answer is still correct. Within a model
family, probe weights transfer reliably; direct cross-family transfer fails, so the learned probe
direction is model-family-specific rather than a portable universal direction.

The practical lesson is that memory-backed systems should treat local contradiction density
as a primary risk indicator. Even under oracle retrieval, answer correctness and corpus-level
corruption rates are not enough on their own: an agent can fail because one fact has acquired a
small local majority of wrong copies, or it can look healthy because a large model overrides the
poisoned memory. By measuring these thresholds and exposing a model-specific pre-flip signal,
the thesis turns memory corruption from a vague retrieval risk into a generation-side failure
mode that can be tested, monitored, and bounded.
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A Supplementary Evidence
This appendix collects supporting material for the main results: dataset audits, extra plots,
sensitivity checks, and secondary tables. Appendix B records implementation and reproducibility
details.

The sections follow the experiment order. Section A.1 describes dataset construction and
audits. Section A.2 adds Experiment 1 plots (per-question heatmaps, worked example, full
accuracy table). Section A.3 covers the Hill-fit sensitivity analysis and the high-N MQuAKE
extension. Section A.4 gives public-fact benchmark details including the question-level audit.
Section A.5 provides the complete Experiment 2 write-back trajectories. Section A.6 covers
probe methodology, cross-benchmark generalisation, same-family transfer, calibrated threshold
transfer, and the consolidated probe-diagnostics table. Section A.7 presents the Qwen3 dense
diagnostic series. Section A.8 reports the diverse-corruption comparison.

A.1 Dataset Construction and Audits

The four datasets were prepared as JSON files under data/. Custom contains 80 fictional personal
facts and ABC contains 100 enterprise-style ERP facts. MQuAKE contributes 160 fact entries
because the prepared source—MQuAKE via MemoryAgentBench FactConsolidation [Hu et al.,
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2025]—keeps true/counterfactual fact-pair entries, with 76 questions evaluated; the true entries
are kept as the clean context and the paired counterfactual entries are used only as corruption
sources. PopQA contributes 240 selected questions after filtering and balancing.

A.2 Experiment 1 Additional Plots

The main text reports both the aggregate accuracy curves and the verdict breakdown (fig. 4);
fig. A1 adds the corresponding per-question heatmaps for Custom, ABC, MQuAKE, and PopQA.
Custom and ABC show compact early cliffs, while MQuAKE and PopQA have longer tails of
resistant questions.

Figure A1: Per-question accuracy heatmaps for Custom, ABC, MQuAKE, and PopQA. Rows are questions
sorted by resistance to corruption; columns are contradiction levels. Custom and ABC show compact
early transitions, while MQuAKE and PopQA spread failures over a wider range.

Worked example. Table A1 traces a single Custom question through the clean and corrupted
conditions. With no contradictions (N=0) the model returns the stored dosage. Inserting three
copies of the contradicting fact (N=3) is enough to flip the answer to the inserted value, even
though the original clean fact is still present in the context. This is the per-question form of the
adoption pattern in fig. 4.

Table A1: Worked Custom example. At N=0 the model reports the stored value; at N=3 three
contradicting copies outvote the single clean fact and the model adopts the inserted value. The clean fact
remains in the context at N=3.

Question. What medication do I take daily?
Clean fact (always present). User’s daily medication is 50mg atorvastatin taken
every morning.
Expected answer. 50mg

N=0 (no contradictions). Model answer: 50mg atorvastatin. → correct.
N=3 inserted copies. User’s daily medication is 200mg atorvastatin taken every
morning. (three copies placed among the memory entries)
N=3 model answer. 200mg atorvastatin. → adopts the inserted wrong value.

ABC per-model behavior. ABC reproduces the non-parametric cliff with a lower baseline.
Every model is at or below 14% by N=5 and below 7% by N=20. The gap below 100% at N=0
is not random failure: a consistent subset of questions is answered incorrectly across all trials
even without any corrupted entries, driven by format mismatches between model outputs and
the expected strings—numeric values returned with appended units, multi-component answers
where only one component is produced, or single-token identifiers that the matcher does not
count as a complete answer.
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Table A2: Per-model accuracy at selected contradiction levels for all four datasets. Values are percentages;
averages over five trials.

Model N=0 N=1 N=2 N=5 N=20
Custom
GPT-4o-mini 99.5 52.5 11.0 1.8 0.0
Qwen2.5-0.5B 81.2 41.8 21.5 5.0 0.0
Qwen2.5-1.5B 98.8 55.2 23.2 3.5 0.0
Qwen2.5-3B 87.5 48.5 14.0 1.2 0.0
Qwen2.5-7B 97.5 45.2 10.0 0.5 0.8
Qwen2.5-14B 100.0 47.0 22.0 10.5 4.8
Qwen2.5-32B 98.8 48.5 23.2 12.5 4.2
Qwen2.5-72B 100.0 47.5 11.8 2.5 2.2
Llama-3.2-1B 85.0 46.2 21.2 3.8 0.0
Llama-3.2-3B 97.5 47.2 18.5 1.5 0.0
Llama-3.1-8B 100.0 54.0 21.8 4.8 0.8
Llama-3.1-70B 100.0 58.5 21.2 8.0 2.5
Qwen3-235B-A22B 100.0 51.0 22.5 11.2 8.0
ABC
GPT-4o-mini 73.2 36.2 17.2 3.4 0.6
Qwen2.5-0.5B 60.0 33.2 18.0 7.0 1.2
Qwen2.5-1.5B 72.0 37.8 20.8 3.6 0.0
Qwen2.5-3B 71.0 32.8 13.0 4.0 0.8
Qwen2.5-7B 74.0 40.0 21.4 5.0 0.4
Qwen2.5-14B 81.0 40.8 28.4 12.0 3.8
Qwen2.5-32B 78.0 43.4 22.2 9.0 3.6
Qwen2.5-72B 85.0 56.6 32.8 6.4 1.0
Llama-3.2-1B 48.0 38.4 25.6 14.0 6.8
Llama-3.2-3B 76.0 48.6 26.2 5.8 2.0
Llama-3.1-8B 95.0 45.4 20.8 4.0 0.0
Llama-3.1-70B 85.0 57.0 31.8 12.0 1.8
Qwen3-235B-A22B 83.0 38.2 24.4 11.0 4.6
MQuAKE
GPT-4o-mini 86.8 74.5 47.6 20.5 6.1
Qwen2.5-0.5B 68.4 51.8 38.2 23.4 11.1
Qwen2.5-1.5B 86.8 68.7 52.6 35.3 13.9
Qwen2.5-3B 81.6 72.6 51.6 25.3 10.0
Qwen2.5-7B 82.9 73.4 62.1 38.9 17.4
Qwen2.5-14B 86.8 78.9 78.7 72.4 49.2
Qwen2.5-32B 86.8 80.5 72.4 61.6 55.8
Qwen2.5-72B 86.8 81.6 78.7 74.5 69.5
Llama-3.2-1B 63.2 52.6 35.5 20.3 8.9
Llama-3.2-3B 86.8 72.9 52.1 18.2 2.4
Llama-3.1-8B 88.2 77.9 65.0 43.9 20.8
Llama-3.1-70B 86.8 83.9 74.5 60.3 49.2
Qwen3-235B-A22B 86.8 85.3 80.3 63.4 56.1
PopQA
GPT-4o-mini 96.0 74.4 40.9 12.0 3.0
Qwen2.5-0.5B 66.2 53.0 39.8 24.4 11.2
Qwen2.5-1.5B 82.9 68.4 54.6 35.1 17.5
Qwen2.5-3B 88.8 75.0 57.1 21.7 4.6
Qwen2.5-7B 90.4 77.9 56.1 32.2 12.0
Qwen2.5-14B 97.9 83.1 76.5 61.0 45.9
Qwen2.5-32B 99.2 86.8 75.0 57.0 45.6
Qwen2.5-72B 98.3 84.2 69.6 56.1 57.6
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Table A2 continued

Model N=0 N=1 N=2 N=5 N=20
Llama-3.2-1B 65.8 53.8 42.3 30.5 9.3
Llama-3.2-3B 93.3 78.2 51.9 17.0 0.9
Llama-3.1-8B 97.1 80.2 57.8 23.5 5.3
Llama-3.1-70B 97.5 85.2 72.6 45.9 25.6
Qwen3-235B-A22B 99.2 89.3 74.1 53.1 45.8
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A.3 Hill Fits and High-N Extension

The main text uses ∆AUC because it is computed directly from the measured degradation curves
and does not require fitting a floor. As a sensitivity analysis, we also fit a Hill-style degradation
curve [Hill, 1910]:

accuracy(N) = floor + a0 − floor
1 + (N/N50)k

. (3)

Here N50 is the half-degradation point between the fitted baseline and fitted floor, not necessarily
the raw 50% accuracy crossing. This distinction matters for large models with high MQuAKE
floors, which is why the fitted parameters are kept as appendix diagnostics rather than replacing
the directly measured area metric.

Table A3: Representative Hill-function fits. All six representative fits have high R2, but N50 is secondary
because large models can retain elevated floors.

Model Dataset N50 k R2

GPT-4o-mini Custom 1.03 3.21 0.9999
GPT-4o-mini MQuAKE 2.09 2.02 0.9977
Qwen2.5-3B Custom 1.08 2.58 0.9995
Qwen2.5-3B MQuAKE 2.42 1.90 0.9984
Qwen2.5-7B Custom 0.95 2.94 0.9999
Qwen2.5-7B MQuAKE 3.54 1.49 0.9982

A targeted high-N MQuAKE extension tested Qwen2.5-14B, Qwen2.5-72B, and Llama-3.1-
70B at N ∈ {30, 50, 100} with 3 trials. These points are excluded from the main N≤20 regression
because only a selected large-model subset was extended. Qwen2.5-72B remains nearly flat
through N=100 (65.4% accuracy), while Qwen2.5-14B falls to 29.0% and Llama-3.1-70B to
38.6%.
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Figure A2: Hill-function fits against raw degradation curves for representative model/dataset pairs.
Custom transitions cluster around one contradiction; MQuAKE shifts the transition rightward and lowers
steepness.
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Figure A3: High-N MQuAKE extension for selected large models. Qwen2.5-72B keeps a high floor through
100 contradictions; Qwen2.5-14B and Llama-3.1-70B continue to decay.
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A.4 Public-Fact Benchmark Details

Figure A4 collects the full per-model degradation curves for all four datasets. Custom and ABC
retain the same early cliff for nearly every model, whereas MQuAKE and PopQA preserve wider
model separation at higher N . Within that four-dataset view, PopQA still shows the stronger
family split at large scale. Per-model accuracy at selected contradiction levels for all four datasets,
including GPT-4o-mini as a commercial reference, is in table A2.

Figure A4: Per-model degradation curves for Custom, ABC, MQuAKE, and PopQA. Shared family
styling keeps Qwen and Llama ladders comparable across panels, while Qwen3-A22B and GPT-4o-mini
provide reference series. Custom and ABC collapse after one or two contradictions for almost every model,
whereas MQuAKE and PopQA retain broader separation at higher contradiction densities.

Question-level public-fact audit. In addition to aggregate accuracy curves, we audited
per-question behavior across the eleven dense Qwen/Llama models. The strictest all-model
criterion finds no public-fact question that every dense model answers correctly in all five N=20
trials. This does not mean there are no highly shielded facts: large individual models have
many questions that remain correct for every contradiction level and trial—Qwen2.5-72B, for
instance, answers 31 of 76 MQuAKE questions and 56 of 240 PopQA questions correctly across
all contradiction levels and trials. It does mean that public-fact shielding is not uniform across
the full dense model set.

The audit identifies two kinds of persistent failure. First, some questions are genuine high-
density prompt failures: models answer correctly at N=0 but converge to the inserted wrong
answer at N=20. On MQuAKE, one question (Michael Mantler: clean answer jazz, inserted
answer post-punk) reaches this threshold, with every dense model following the corruption at
N=20. On PopQA, 31 questions are answered incorrectly by all dense models at N=20, and
a stricter subset of 8 elicits the inserted wrong answer from every model—for example, Party
(clean composer Kanye West, inserted composer Dennis McCarthy). Second, questions covering
franchise-shared names (e.g. Halloween II) are useful alignment checks because the expected
answer depends on which entry in the franchise the question resolves to.
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The PopQA write-back check uses 40 questions, 5 turns, and 1 trial across dense Qwen2.5
and Llama models, and is reported as a reduced-scope measurement in table A4. The measured
pattern matches the full Custom/MQuAKE runs: no runaway degradation appears over the
reduced horizon, and several larger models improve by the final turn.
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A.5 Experiment 2: Complete Write-Back Trajectories

Table A4 records the complete Experiment 2 write-back trajectories for all thesis models across
all four write-back datasets. Full runs use 10 turns and 3 trials; reduced runs use 5 turns, 1 trial,
and 40 questions. Reduced-scope runs carry higher sampling variance—occasional turn-to-final
decreases (e.g. Llama-3.1-70B Custom: 75.0 → 65.0) reflect this noise rather than systematic
degradation. GPT-4o-mini has no PopQA write-back data; ABC write-back covers the dense
Qwen/Llama models, GPT-4o-mini, and Llama-3.1-70B (reduced), while Qwen3-235B-A22B
ABC write-back is not available.

Table A4: Complete write-back trajectories for all thesis models. Values are turn 0 → final-turn accuracy
(%). Full runs: 10 turns, 3 trials; reduced runs: 5 turns, 1 trial, 40 questions.

Model Ninit=1 Ninit=3
Custom
GPT-4o-mini (full) 47.9 → 51.7 3.3 → 3.3
Qwen2.5-0.5B (full) 40.0 → 43.8 10.4 → 12.1
Qwen2.5-1.5B (full) 55.0 → 54.6 8.3 → 7.5
Qwen2.5-3B (full) 46.7 → 44.2 7.9 → 5.4
Qwen2.5-7B (full) 42.9 → 46.2 3.8 → 3.8
Qwen2.5-14B (full) 50.4 → 52.9 14.6 → 15.0
Qwen2.5-32B (full) 51.7 → 46.7 17.9 → 22.5
Qwen2.5-72B (full) 43.3 → 46.7 5.4 → 5.4
Llama-3.2-1B (full) 46.2 → 48.8 10.4 → 9.6
Llama-3.2-3B (full) 45.4 → 51.2 7.9 → 7.5
Llama-3.1-8B (full) 52.5 → 57.9 12.5 → 14.2
Llama-3.1-70B (reduced) 75.0 → 65.0 7.5 → 15.0
Qwen3-235B-A22B (reduced) 32.5 → 27.5 2.5 → 5.0
ABC
GPT-4o-mini (full) 33.7 → 41.3 6.3 → 9.0
Qwen2.5-0.5B (full) 31.3 → 38.0 14.0 → 16.3
Qwen2.5-1.5B (full) 38.0 → 44.3 9.3 → 11.0
Qwen2.5-3B (full) 32.0 → 35.7 7.0 → 9.0
Qwen2.5-7B (full) 39.0 → 41.7 12.7 → 19.0
Qwen2.5-14B (full) 42.0 → 50.0 20.7 → 26.3
Qwen2.5-32B (full) 43.7 → 46.7 14.0 → 19.7
Qwen2.5-72B (full) 56.0 → 62.0 15.0 → 25.0
Llama-3.2-1B (full) 39.3 → 47.3 18.7 → 27.7
Llama-3.2-3B (full) 49.0 → 55.7 16.3 → 20.3
Llama-3.1-8B (full) 45.3 → 52.3 9.3 → 17.3
Llama-3.1-70B (reduced) 67.5 → 65.0 17.5 → 22.5
MQuAKE
GPT-4o-mini (full) 73.7 → 79.4 31.6 → 43.0
Qwen2.5-0.5B (full) 52.2 → 57.5 31.6 → 37.7
Qwen2.5-1.5B (full) 68.0 → 74.1 43.0 → 51.3
Qwen2.5-3B (full) 69.7 → 71.5 39.9 → 42.1
Qwen2.5-7B (full) 71.5 → 77.6 51.3 → 61.4
Qwen2.5-14B (full) 78.1 → 86.4 76.3 → 83.3
Qwen2.5-32B (full) 80.7 → 82.9 68.0 → 74.1
Qwen2.5-72B (full) 81.6 → 83.8 76.3 → 82.5
Llama-3.2-1B (full) 53.1 → 56.6 32.5 → 34.2
Llama-3.2-3B (full) 73.2 → 75.0 37.3 → 40.4
Llama-3.1-8B (full) 78.5 → 83.3 58.3 → 62.3
Llama-3.1-70B (reduced) 90.0 → 92.5 72.5 → 82.5
Qwen3-235B-A22B (reduced) 92.5 → 92.5 77.5 → 82.5
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Table A4 continued

Model Ninit=1 Ninit=3

PopQA
Qwen2.5-0.5B (reduced) 52.5 → 47.5 27.5 → 25.0
Qwen2.5-1.5B (reduced) 67.5 → 62.5 50.0 → 52.5
Qwen2.5-3B (reduced) 72.5 → 72.5 47.5 → 50.0
Qwen2.5-7B (reduced) 65.0 → 75.0 47.5 → 57.5
Qwen2.5-14B (reduced) 70.0 → 77.5 45.0 → 67.5
Qwen2.5-32B (reduced) 82.5 → 87.5 65.0 → 75.0
Qwen2.5-72B (reduced) 80.0 → 85.0 57.5 → 70.0
Llama-3.2-1B (reduced) 60.0 → 62.5 50.0 → 57.5
Llama-3.2-3B (reduced) 85.0 → 87.5 52.5 → 52.5
Llama-3.1-8B (reduced) 90.0 → 90.0 55.0 → 70.0
Llama-3.1-70B (reduced) 92.5 → 92.5 70.0 → 77.5
Qwen3-235B-A22B (reduced) 80.0 → 85.0 42.5 → 60.0
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A.6 Probe Controls, Transfer, and Probe-Based Flagging

Choice of L2 logistic regression as the primary probe. The probes reported in the
main text are L2-regularised logistic-regression classifiers (scikit-learn Pedregosa et al. [2011]
LogisticRegression, C = 1, class_weight="balanced", max_iter=2000). We choose this
family for three reasons. First, a linear readout in the hidden-state space is the strictest inter-
pretability test: if a single hyperplane already separates clean from corrupted-target activations,
the corrupted-target signal is directly encoded rather than reconstructible from a nonlinear
combination of features Alain and Bengio [2016], Belinkov [2022]. More expressive probes (MLPs,
attention readouts) could raise AUROC, but they would weaken the claim that the representation
itself contains the signal Hewitt and Liang [2019], Belinkov [2022]. Second, L2 regularisation
controls the dominant failure mode in this setting: each hidden-state vector is high-dimensional
(896–8192) while the per-layer training set is small (around 1,300 paired samples for Custom
and MQuAKE), so an unregularised solver would memorise the training split. The fixed C = 1
choice gives modest regularisation across model scales rather than tuning per layer, which would
inflate test AUROC via repeated model selection. Third, class_weight="balanced" is sklearn’s
built-in loss-weighting option. It re-weights losses by inverse class frequency so that the original
probe (one clean level N=0 versus six corrupted-target levels N ∈ {1, 2, 3, 5, 7, 10}) is not solved
trivially by predicting the majority class. The balanced and topical controls have approximately
equal class counts by construction, so the weighting has a smaller effect there. We deliberately
avoid hyperparameter search per layer or per model; the same recipe applies to every model in
table 1.

Reported spread in figures. The main figures use uncertainty or spread marks only when
the quantity has a direct descriptive role. Experiment 1 bands show cross-model interquartile
and 5–95% ranges, not statistical confidence intervals. The shielding figure shades the measured
∆AUC area. The cross-scale probe-depth figure shows descriptive inter-model IQR bands; the
pre-flip bars remain held-out point estimates without interval whiskers. A 100% pre-flip bar
means no misses in the finite held-out subset.

The irrelevant-N ablation explains why the original clean-vs.-corrupted probe is insufficient.
When irrelevant facts are inserted at the same lengths, the original probe raises near-100% false
alarms for N ≥ 1. The figure therefore shows response to irrelevant context modification, not
a valid corrupted-target detector; this motivates the balanced and topical controls used in the
main text.

Figure A5: False-alarm rate of the original probe under irrelevant insertions. The near-100% false-alarm
rate at N ≥ 1 shows that the original probe responds to irrelevant context modification unless controlled.

Table A5 gives topical-control AUROC and pre-flip detection rates across all four datasets for
the eleven dense Qwen/Llama models, plus Qwen3-235B-A22B for Custom and MQuAKE (ABC
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and PopQA activations not extracted for that model). The main cross-scale probe figure uses
Custom and MQuAKE as the primary strict-control pair; the table confirms the same direction
on ABC and PopQA.

Table A5: Topical-control probe diagnostics for the eleven dense Qwen/Llama models and Qwen3-235B-
A22B across the available datasets. AUROC is the best held-out linear-probe AUROC across layers;
pre-flip n and detection rate are computed on corrupted-context held-out samples where the model still
answers correctly. Dashes (–) indicate benchmarks not extracted for that model (Qwen3-235B-A22B ABC
and PopQA).

Model AUROC Best layer Pre-flip n Pre-flip det.
Custom
Qwen2.5-0.5B 0.711 15 46 73.9%
Qwen2.5-1.5B 0.967 18 51 92.2%
Qwen2.5-3B 0.984 25 42 97.6%
Qwen2.5-7B 0.996 20 26 96.2%
Qwen2.5-14B 1.000 26 31 100.0%
Qwen2.5-32B 1.000 43 41 100.0%
Qwen2.5-72B 1.000 53 36 100.0%
Llama-3.2-1B 0.866 10 29 93.1%
Llama-3.2-3B 0.983 13 35 97.1%
Llama-3.1-8B 1.000 14 47 100.0%
Llama-3.1-70B 1.000 32 58 100.0%
Qwen3-235B-A22B 1.000 71 42 100.0%
ABC
Qwen2.5-0.5B 0.863 16 53 86.8%
Qwen2.5-1.5B 0.898 16 46 87.0%
Qwen2.5-3B 0.954 25 22 100.0%
Qwen2.5-7B 0.996 19 43 95.3%
Qwen2.5-14B 1.000 30 57 100.0%
Qwen2.5-32B 1.000 45 42 97.6%
Qwen2.5-72B 0.999 61 70 97.1%
Llama-3.2-1B 0.796 10 63 65.1%
Llama-3.2-3B 0.967 14 68 91.2%
Llama-3.1-8B 0.995 15 55 100.0%
Llama-3.1-70B 1.000 37 73 100.0%
Qwen3-235B-A22B — — — —
MQuAKE
Qwen2.5-0.5B 0.675 18 91 67.0%
Qwen2.5-1.5B 0.941 17 113 84.1%
Qwen2.5-3B 0.982 26 126 76.2%
Qwen2.5-7B 0.983 19 131 91.6%
Qwen2.5-14B 0.998 26 219 98.2%
Qwen2.5-32B 1.000 43 216 100.0%
Qwen2.5-72B 0.998 51 234 91.5%
Llama-3.2-1B 0.792 10 88 59.1%
Llama-3.2-3B 0.975 14 103 87.4%
Llama-3.1-8B 0.985 18 170 91.2%
Llama-3.1-70B 1.000 31 184 100.0%
Qwen3-235B-A22B 1.000 71 223 100.0%
PopQA
Qwen2.5-0.5B 0.739 19 259 58.3%
Qwen2.5-1.5B 0.946 18 367 84.7%
Qwen2.5-3B 0.981 25 340 91.8%
Qwen2.5-7B 0.996 20 340 96.8%
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Table A5 continued

Model AUROC Best layer Pre-flip n Pre-flip det.
Qwen2.5-14B 1.000 32 613 99.8%
Qwen2.5-32B 1.000 44 591 99.8%
Qwen2.5-72B 0.999 69 572 97.7%
Llama-3.2-1B 0.847 11 299 87.0%
Llama-3.2-3B 0.971 14 266 91.3%
Llama-3.1-8B 0.993 15 312 91.0%
Llama-3.1-70B 1.000 35 543 99.8%
Qwen3-235B-A22B — — — —

Table A6: Cross-benchmark probe generalisation with merged Custom+MQuAKE training. Leave-one-out
(LOO) columns train on one benchmark and evaluate on the other within the same model.

Model Merged AUROC Custom→MQuAKE MQuAKE→Custom
Llama-3.2-1B 0.9625 0.8474 0.8882
Qwen2.5-3B 0.9948 0.9341 0.9744
Llama-3.2-3B 0.9963 0.9544 0.9753
Qwen2.5-7B 0.9977 0.9799 0.9823

Table A7: Same-family direct-transfer diagnostics on topical activations. Zero-shot applies the source
scaler and probe directly; calibrated refits only the target-side scaler while keeping the source probe
weights fixed.

Benchmark Direction Source layer Aligned layer Best layer Zero-shot aligned Zero-shot best Cal. aligned Cal. best
Qwen2.5-14B / Qwen2.5-32B (5120-dim)
Custom Qwen2.5-14B → Qwen2.5-32B 26 35 43 0.749 0.998 0.756 0.998
Custom Qwen2.5-32B → Qwen2.5-14B 43 32 28 0.976 0.999 0.978 0.999
MQuAKE Qwen2.5-14B → Qwen2.5-32B 26 35 44 0.748 0.989 0.755 0.987
MQuAKE Qwen2.5-32B → Qwen2.5-14B 43 32 29 0.978 0.985 0.978 0.988
Llama-3.1-70B / Llama-3.3-70B (8192-dim)
Custom Llama-3.1-70B → Llama-3.3-70B 32 32 32 1.000 1.000 1.000 1.000
Custom Llama-3.3-70B → Llama-3.1-70B 31 31 32 0.999 1.000 0.999 1.000
MQuAKE Llama-3.1-70B → Llama-3.3-70B 31 31 31 0.995 0.995 0.996 0.996
MQuAKE Llama-3.3-70B → Llama-3.1-70B 38 38 38 0.997 0.997 0.998 0.998

The same-family diagnostics separate two effects. For Qwen2.5-14B/Qwen2.5-32B, fixed
relative-depth mapping stays asymmetric on both benchmarks: the 14B→32B aligned layer
reaches only 0.749 on Custom and 0.748 on MQuAKE, while the reverse direction is already
0.976–0.978. However, evaluating the same source probe at every target layer recovers near-
ceiling AUROC in both Qwen directions (0.985–0.999 zero-shot; 0.987–0.999 calibrated). For
the matched 80-layer Llama-3.1-70B/Llama-3.3-70B pair, aligned and best layers are effectively
the same across both benchmarks, with AUROC 0.995–1.000 even without recalibration. This
supports the narrower interpretation used in the main text: direct cross-family probe weights are
not portable, while within-family geometry is strong and the main residual mismatch is depth
alignment in the Qwen extension pair.

Calibrated threshold transfer. The cross-family near-chance results in table 5 raise a
secondary question: even if the learned probe direction does not transfer, could the activation
scale or distribution differ enough that simply refitting the decision threshold (the logistic
intercept together with a new input scaler, while keeping the source probe weight vector fixed)
restores useful performance? A calibrated variant fits only this threshold on a small amount of
target-model data; the probe direction itself is unchanged.
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Table A8 shows the calibrated AUROC for both cross-family pairs. At 3B scale the lift is
marginal (best 0.549 for Llama-3.2-1B→Qwen2.5-3B on Custom), and at 70B scale the largest
single-direction lift reaches 0.684 (Qwen2.5-72B→Llama-3.1-70B on Custom). Within-model
topical AUROC on the same pairs reaches 0.984 at 3B scale and 0.998–1.000 at 70B scale, so
the calibrated gap is 0.314–0.435 at 70B scale, i.e. threshold refitting cannot bridge it. The H4
conclusion is therefore unchanged even under this relaxed transfer protocol: the probe direction
is not portable across the Qwen/Llama families regardless of whether the threshold is refit.

Table A8: Calibrated cross-family probe-weight transfer. The source probe direction is kept fixed; only
the decision threshold (input scaler + intercept) is refit on a small amount of target-model data. Compare
with the Aligned-depth / Best-layer values in table 5.

Dataset Transfer direction Cal. aligned AUROC Cal. best AUROC
3B-scale pair (Qwen2.5-3B / Llama-3.2-1B, both 2048-dim)
Custom Qwen2.5-3B → Llama-3.2-1B 0.468 0.521
Custom Llama-3.2-1B → Qwen2.5-3B 0.472 0.549
MQuAKE Qwen2.5-3B → Llama-3.2-1B 0.498 0.519
MQuAKE Llama-3.2-1B → Qwen2.5-3B 0.530 0.532
70B-scale pair (Qwen2.5-72B / Llama-3.1-70B, both 8192-dim)
Custom Qwen2.5-72B → Llama-3.1-70B 0.536 0.684
Custom Llama-3.1-70B → Qwen2.5-72B 0.502 0.596
MQuAKE Qwen2.5-72B → Llama-3.1-70B 0.324 0.561
MQuAKE Llama-3.1-70B → Qwen2.5-72B 0.509 0.670

Figure A6 shows the linear CKA heatmap for the six models included in the CKA analysis.
It supports the same conclusion as table 5: broad representational similarity does not make the
learned corrupted-target direction portable across model families.

Figure A6: Linear CKA across the six-model CKA set on Custom and MQuAKE, averaged over ten
matched relative depths. Cross-family similarity is non-trivial (roughly 0.50–0.77) but lower than within-
family similarity.
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A.7 Current-Generation Qwen3 Dense Diagnostics

The main text keeps Qwen2.5-Instruct and Llama-Instruct as the main dense set because they
provide matched instruction-tuned ladders. The Qwen3 rows in table A9 are a full auxiliary run
that asks whether the qualitative corruption, shielding, write-back, and probe patterns persist
in a newer Qwen generation [Qwen Team, 2025] under a different tuning regime. These are
post-trained Qwen3 dense models run in non-thinking mode (enable_thinking=False) rather
than a standard instruction setup, so they are reported here rather than pooled into the main
dense scaling regression.

The diagnostic result is useful precisely because it differs from the main Qwen2.5-Instruct
ladder. First, these Qwen3 dense models reproduce the non-public Custom collapse: every row
is near zero by N=20 on Custom. Second, their public-fact shielding is weaker than near-size
Qwen2.5-Instruct models. For example, Qwen3-32B reaches MQuAKE ∆AUC=5.72 and PopQA
∆AUC=4.25, while Qwen2.5-32B-Instruct reaches 9.62 and 8.41 on the same metrics. Third, the
activation-probe pattern remains strong: topical AUROC is 0.98–1.00 on MQuAKE and PopQA
across the Qwen3 dense ladder. Fourth, reduced write-back checks show the same qualitative
no-runaway pattern as the matched instruction runs. The Qwen3 dense rows therefore support
the conclusion that generation and tuning regime matter; they do not replace the matched
dense-Instruct comparison.

Table A9: Current-generation Qwen3 dense diagnostic comparison (post-trained, non-thinking mode).
Values are percentages except ∆AUC and AUROC. These rows test robustness outside the matched
dense-Instruct backbone and are therefore excluded from the main dense scaling regression.

Model Custom N=2 Custom N=20 MQuAKE ∆AUC MQuAKE N=20 PopQA ∆AUC PopQA N=20 Topical AUROC M/P
Qwen3-1.7B 14.5 0.0 1.77 2.6 1.30 0.3 0.98 / 0.98
Qwen3-4B 15.2 0.0 3.24 6.6 2.35 3.8 0.99 / 1.00
Qwen3-8B 6.5 0.0 2.21 2.6 1.64 0.7 0.99 / 1.00
Qwen3-14B 20.2 0.0 3.67 10.0 3.70 10.6 1.00 / 1.00
Qwen3-32B 18.5 2.8 5.72 25.8 4.25 22.6 1.00 / 1.00

Reduced write-back checks for these rows use the same reduced setting as other large-model
diagnostics (5 turns, 1 trial, 40 questions). They show the same qualitative no-runaway pattern,
but their reduced scope and non-thinking-mode regime keep them out of the main Experiment 2
comparison. The configured Qwen3-30B-A3B-Instruct profile is not reported because no imported
outputs were found.
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A.8 Diverse Corruption Comparison

The main experiments use N identical copies of one wrong answer. To test whether this
exaggerates the phase transition, we also ran Qwen2.5-3B on Custom with k=3 distinct wrong
answers distributed across the inserted entries. The transition remains (fig. A7): N50 is 0.87
for diverse corruption and 0.96 for uniform corruption. Diverse corruption leaves slightly more
residual accuracy at intermediate N because competing wrong answers dilute the majority signal,
but both curves reach the same low floor.

Figure A7: Uniform versus diverse corruption on Custom with Qwen2.5-3B. The phase-transition shape is
preserved under three competing wrong answers.

B Implementation Details
Appendix A contains extra result evidence. This appendix records the implementation choices
needed to reproduce the experiments: software, scripts, algorithms, and run coverage. Per-model
hardware assignments are listed in the Hardware column of table 1.

B.1 Software Environment

Table B1 lists the software stack used to run the experiments and reproduce the figures.
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Table B1: Software used for replication. Versions follow the project requirements file.

Package Version / requirement
Python 3.13
PyTorch [Paszke et al., 2019] ≥ 2.0 with CUDA 12.x on GPU
Transformers [Wolf et al., 2020] ≥ 4.40; B200 model launchers use ≥ 4.55
Accelerate ≥ 0.25
scikit-learn ≥ 1.3
OpenAI Python SDK ≥ 1.6
NumPy / pandas ≥ 1.24 / ≥ 2.0
Matplotlib / seaborn / SciPy ≥ 3.7 / ≥ 0.12 / ≥ 1.11
python-dotenv / tqdm ≥ 1.0 / ≥ 4.65
Jupyter / ipykernel ≥ 1.0 / ≥ 6.25

B.2 Prompt Templates

All benchmarks use the same answer discipline in the system message: answer only from the
supplied context, give a short direct answer, and return UNKNOWN when the information is absent.
The dataset-specific system prompts and user templates are shown in table B2; the experiment
scripts then insert the numbered context in place of {context} and the evaluation question in
place of {question}.

Table B2: Prompt templates used for generation and activation extraction. MQuAKE and PopQA share
the same public-fact prompt.

Benchmark System prompt User template

Custom You are a personal assistant with access
to the user’s information stored in
memory. Answer questions using ONLY the
information provided below. Give a short,
direct answer (1-5 words). If the
information is not available, say
’UNKNOWN’.

Here is the user’s personal information:
{context}
Question: {question}
Answer:

ABC You are an ERP assistant. Answer
questions using ONLY the information
provided below. Give a short, direct
answer (1-5 words). If the information
is not available, say ’UNKNOWN’.

Here is the ERP information:
{context}
Question: {question}
Answer:

Public facts You are a knowledge assistant with access
to a curated fact database. Answer
questions using ONLY the information in
the database below. Give a short, direct
answer (1-5 words). If the information
is not available, say ’UNKNOWN’.

Here is the knowledge database:
{context}
Question: {question}
Answer:

B.3 Experiment 1 Implementation

Experiment 1 is implemented in experiments/01_corruption_threshold/run.py. The default
contradiction levels are N ∈ {0, 1, 2, 3, 5, 7, 10, 15, 20} with 5 trials per level. For each sample, the
script loads the benchmark, identifies the supporting fact, inserts N corrupted copies at random
positions, renumbers the fact list, queries the selected model at temperature 0, and records the
answer verdict.

The same script handles API and open-weight providers. The high-N MQuAKE extension
uses the same context construction with custom contradiction levels and an output suffix. Those
points are analysed separately from the main N≤20 scaling analysis.
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B.4 Experiment 2 Implementation

Experiment 2 is implemented in experiments/02_compounding/run.py. The script starts with
the clean fact plus Ninit corrupted copies, queries the model, evaluates the verdict, and writes a
clean or corrupted entry back into the knowledge base when the model gives a factual answer.
The default full setting is 10 turns, 3 trials, and Ninit ∈ {1, 2, 3}.

The full setting is used for GPT-4o-mini and most dense Qwen/Llama runs. The large-model
and PopQA write-back measurements use the same script with 5 turns, 1 trial, and 40 questions,
and are reported as reduced-scope measurements.

B.5 Experiment 3 Implementation

Experiment 3 is implemented under experiments/03_activation_probes/. The pipeline has
GPU stages for activation extraction and matched-control extraction, and CPU stages for probe
training and analysis.

Table B3: Activation-probe pipeline. Control extraction requires separate forward passes because the
prompt contents differ; CPU analysis then trains original, balanced, and topical probes, evaluates per-level
and pre-flip readouts, and runs transfer/figure generation from saved tensors.

Step Script GPU? Purpose
1 extract_activations.py yes corrupted-target activations
2 train_probes.py no original clean-vs.-corrupted probe; per-level and pre-flip readouts
3 ablation_irrelevant_n.py yes length-matched irrelevant controls
4 ablation_topical_n.py yes length+topic matched clean-duplicate controls
5 train_balanced_probe.py –control irrelevant no balanced probe
6 train_balanced_probe.py –control topical no topical probe
7 cross_model_transfer.py no cross-architecture direct transfer and CKA
8 same_family_transfer.py no same-family diagnostic pairs

Each forward pass uses the model chat template and stores the last-token activation from
every transformer layer. The probe is an L2-regularised logistic regression trained separately at
each layer after standardising activations. The train/test split is by question identity, not by
prompt sample.

B.6 Reference Run Script

The repository has example_run.sh as a reference script that documents the calling convention
for the three experiment entry points. It contains no experiment logic: each block calls one
Python implementation with an explicit model, dataset, and provider, so reproducing a given run
means copying the relevant block and changing only the model or dataset argument. Experiment 1
is launched as:
python experiments /01 _corruption_threshold /run.py \

--dataset custom \
--model Qwen/Qwen2 .5-3B- Instruct \
--provider transformers \
--levels "0 ,1 ,2 ,3 ,5 ,7 ,10 ,15 ,20" \
--trials 5 \
--seed 999

Experiment 2 (02_compounding/run.py) and the Experiment 3 pipeline (03_activation_probes/)
follow the same calling convention; example_run.sh lists the full ordered command sequence
for all three, including the diverse-corruption variant and the same-family transfer pairs. The
larger-model and multi-benchmark runs reported in the thesis use the same commands with
different –model and –dataset values.
$python = ". venv\ Scripts \ python .exe"
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& $python experiments \03 _activation_probes \ train_balanced_probe .py ‘
--profile home --dataset custom --control topical

Reference run script
example_run.sh

Batch launcher example
run_topical_pipeline.ps1

waits for outputs, then calls
train_balanced_probe.py

Per-run CLI flags
–model, –dataset, –provider

Selected benchmarks
custom, abc, mquake, popqa

Experiment 1
01_corruption_threshold/run.py

Experiment 2
02_compounding/run.py

Experiment 3
03_activation_probes/

Stored outputs
experiments/*/outputs/

Thesis figure build
figures/build_thesis_figures.py, figures/thesis_figures/

Figure B1: Execution layout for the reference run script and local batch launchers. Each experiment block
sets the model, dataset, and provider through command-line flags; all result-bearing logic remains in the
three experiment directories.
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