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ABSTRACT

The Reversal Curse describes a failure of autoregressive language models to re-
trieve a fact in reverse order (e.g., training on “A > B” but failing on “B < A”).
Recent work shows that objectives with bidirectional supervision (e.g., bidirec-
tional attention or masking-based reconstruction for decoder-only models) can
mitigate the reversal curse. We extend this evaluation to include a vanilla masked
language modeling (MLM) objective and compare it to decoder-only masking-
based training across four reversal benchmarks and then provide a minimal mech-
anistic study of how these objectives succeed. We show that reversal accuracy
requires training signal that explicitly makes the source entity a prediction target,
and we find little evidence that success corresponds to a single direction-agnostic
representation of a fact. Instead, representation distances and linear probes are
consistent with storing forward and reverse directions as distinct entries, with dif-
ferent indexing geometry for MLM versus decoder-only masking-based training.
Our results caution that objective-level “fixes” can improve reversal behavior with-
out necessarily inducing the kind of latent generalization one might expect from a
unified concept.

1 INTRODUCTION

Large Language Models (LLMs) can generalize flexibly from information provided in-context
Lampinen et al.| (2025a), yet often fail to use knowledge learned in the weights with the same
flexibility—a brittleness recently framed as the latent generalization problem |Lampinen et al.
(2025b). A clean symptom is the Reversal Curse Berglund et al.| (2024): a model trained on a
fact in one direction (e.g., “A > B”) can fail to retrieve the logically equivalent reverse (“B < A”).

Several mitigation strategies exist. Data-level interventions (e.g., explicit reverse augmentation) can
work but may distort language statistics or require manual paraphrase generation (Golovneva et al.
(2024); Lampinen et al. (2025a). A more fundamental approach modifies the training objective to
provide bidirectional supervision, either explicitly via bidirectional attention |Lv et al.| (2024)); [Nie
et al.| (2025) or implicitly for decoder-only models via masking-based post-training Pan et al.|(2025).
These objectives can close the behavioral gap, but it remains unclear 2ow they do so mechanistically:
do they produce a direction-agnostic representation of a fact, or do they instead learn a second,
separately-indexed memory entry for the reverse query?

In this paper, we ask what changes inside a model when the reversal curse is fixed. We begin by
confirming a robust behavioral pattern: objectives that provide bidirectional supervision — explicitly
via masked language modeling (MLM), or implicitly via masking-based post-training for decoder-
only models (NTP+Masking) — achieve non-zero reversal accuracy in settings where standard next-
token prediction (NTP) collapses (Fig. [I). We then probe what signal is actually doing the work.
First, we isolate which prediction targets are necessary for reversal success (Table[T} Fig.[2). Second,
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To appear at the ICLR 2026 Workshop on Representational Alignment (Re-Align)

we analyze the learned representations to test whether success corresponds to a single, direction-
agnostic “fact” representation or to storing an additional entry specialized for the reverse query

(Figs. BHA).
Overall, our results point to the latter interpretation: both successful objectives behave as if forward

and reverse directions are stored as distinct entries, but the geometry of how these entries are indexed
differs between MLM and NTP+Masking.

2 SETUP

2.1 PROBLEM SETUP & NOTATION

We formalize a fact as a tuple (s, r,t) consisting of a source entity s, a relation r, and a target entity
t. In natural language, this is expressed as a sequence s — t. Throughout, we use “A > B” to
denote a forward fact with source A and target B, and “B < A” to denote its linguistic reverse.
Entities A, B may be multi-token spans (e.g., names like Daphne Barrington). We always refer to
the entity ‘A’ as source and entity ‘B’ as target regardless of their position (as subject or target) in
the forward or reverse direction.

Evaluation Protocol (Reversal Accuracy). For each benchmark, most facts are shown in both
directions during training to teach that the relation is reversible. For a held-out subset of test facts,
the model is trained only on the forward direction (e.g., “A > B”) and evaluated on the reverse
prompt (e.g., “B < ...”). We report the fraction of test prompts (accuracy) for which the model
outputs the correct source entity (in reverse direction).

2.2 DATA

We evaluate on four reversal benchmarks spanning synthetic to semantic structure: Simple Reversal
Lampinen et al.| (2025b), Nonsense Entities |Lampinen et al.|(2025a), Fictional Celebrity |Berglund:
et al.| (2024), and Semantic Structure [Lampinen et al|(2025a). Full templates, split ratios, and
augmentation details are provided in App. [Al

2.3 MODELS AND TRAINING

To isolate the effect of finetuning vs pretraining, we use two settings.

Training from scratch (Simple Reversal). For Simple Reversal, we train models from scratch
using the transformer architecture described in [Lampinen et al.| (2025b). We compare a decoder-
only NTP model against an encoder-style MLM variant (no causal mask).

Pretrained models (language-based datasets). For Nonsense Entities, Fictional Celebrity, and
Semantic Structure, we compare a pretrained BERT-Large (340M) (Devlin et al., [2019) for MLM
against Gemma-3 4B (Gemma Team et al., 2025) for decoder-only objectives: for decoder-only
masking-based training (NTP+Masking), we follow Pan et al.| (2025)) and use the instruct-tuned
Gemma-3 4B variant; for standard NTP, we use the base Gemma-3 4B.

2.3.1 TRAINING OBJECTIVES

We evaluate three training objectives:

1. NTP: standard next-token prediction with a causal mask.
2. MLM: masked language modeling with bidirectional attention Devlin et al.|(2019).

3. Masked Fine-Tuning (NTP+Masking). Following [Pan et al.| (2025), we train a decoder-
only model on examples where a masked version of a passage is placed in the context
before the unmasked passage, and the loss is computed on the unmasked continuation. For
afact “A > B”, an example is: [MASK] > B [SEP] A > B. Intuitively, the masked
context encourages the model to infer missing tokens bidirectionally, while still training



To appear at the ICLR 2026 Workshop on Representational Alignment (Re-Align)

with standard next-token prediction on the unmasked segment. At test time, we provide no
special tokens and evaluate on the standard reverse prompt “B <”.

3 RESULTS

3.1 BIDIRECTIONAL SUPERVISION FIXES THE REVERSAL CURSE

We first establish the baseline perfor- = MLM = NTP NTP + masking

mance difference between NTP, MLM, and I

NTP+Masking across our benchmarks. We
evaluate on held-out test sets requiring re-
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Test: “B < ...”).

Figure[I]replicates the core behavioral claim:
providing bidirectional supervision closes the
reversal gap. However, this does not yet ex-
plain what is learned internally—nor whether i
MLM and NTP+Masking rely on the same
mechanism.
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Figure 1: Reversal accuracy across datasets. Stan-
dard NTP models fail (near 0%), while MLM and
decoder-only masking-based training achieve robust
reversal accuracy, indicating that bidirectional su-
pervision (explicit or implicit) is sufficient to mit-
igate the reversal curse behaviorally.

3.2 WHEN DOES MASKING HELP?
SOURCE PREDICTION IS NECESSARY
(BUT NOT ALWAYS SUFFICIENT)

A reversal query requires predicting the source from the target plus relation. This motivates a direct
test: does reversal require training signal on p(source | relation, target)?

Ablation: never predict the source. Dataset MLM NTP+Mask Abl I
We modify training so that the source

entity tokens (A) are never masked— Simple Reversal ~ 100% 99.5% 0%
hence are never predicted. We still allow Nonsense 60.2% 16.7% 0%
Celebrity 86.4% 45.0% 0%

masking of relation tokens and the target
B. We then evaluate reversal accuracy as  Table 1: Ablation I: removing source prediction (never
usual. This collapses reversal accuracy to masking A) collapses reversal accuracy to 0% across
0% on all datasets where the ablation is  datasets, despite non-zero reversal accuracy under the
well-defined (Table [T), showing that re-  standard MLLM / NTP+Masking setups (Fig. [I).

versal success depends on ever requiring

the model to predict the source given the target and relation.

Masking sweep (Simple Reversal). To isolate what drives success, we focus on Simple Rever-
sal—where both MLM and “NTP+Masking” achieve 100% under their standard configurations
(Table [T). We then run a masking sweep: we vary which components are ever masked (and thus
prediction targets)—the source A, relation token, and/or target B—and measure reversal accuracy
for each variant.

Figure 2| summarizes the sweep. For NTP+Masking (right), making the source A a prediction target
is close to sufficient: whenever A is never masked, reversal collapses to 0%, whereas any variant
that sometimes masks A yields non-zero performance. For MLM (left), the condition is stricter:
masking the source alone does not reliably succeed, and the only consistently successful variant
masks Source & Target. Thus, even though both objectives require some training signal that targets
the source, they differ in how much additional supervision is needed for that signal to generalize to
the evaluation query.

3.3 REPRESENTATION ANALYSIS: REVERSAL WITHOUT A UNIFIED CONCEPT

Behaviorally, MLM and NTP+Masking both mitigate the reversal curse (Fig. [T). Mechanistically,
we ask whether this reflects a direction-agnostic latent concept (forward and reverse co-localized),
or two separately-stored entries that merely support the reverse query.
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Figure 2: Ablation: masking sweep on Simple Reversal: Reversal accuracy as a function of
which components are masked (and therefore prediction targets) during training. Left (NTP +
Masking): masking the source is necessary; when the source is never masked, accuracy drops to
0%. Right (MLM): masking the source alone is not sufficient; only masking Source & Target
reliably succeeds.
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Figure 3: Representational Distance in MLP Hidden Layers. Mean Cosine Distance across trans-
former layers between a fact representation (e.g., A > B) and related/unrelated facts for (A) NTP +
Masking and (B) MLM. The reverse fact (B < A) remains far from the forward fact, suggesting the
two directions are stored as distinct entries rather than a unified direction-agnostic concept.

3.3.1 RELATIVE NEURAL DISTANCE.

We analyze internal representations within the MLP blocks, which can function as key-value
memories |Geva et al.| (2021). We extract MLP-post-nonlinearity states at the answer slot: for
NTP/NTP+Masking, the state used to predict the missing entity (“A > ...”— B,“B < ...”— A);
for MM, the state at [MASK] (“A > [MASK]” and “B < [MASK]” ). MLM provides an internal
control by comparing masked vs. unmasked states of the same fact (green curve in Fig. [3B). This
”Masked vs. Unmasked” baseline represents the minimum achievable distance for the ’same” fact,
a reference point not natively available in the decoder-only setup. We measure the Mean Cosine
Distance between these states and reference points averaged across 20 facts. We use cosine distance
specifically because the angular orientation of vectors has been shown to encode stable semantic
structures in neural networks Mikolov et al.| (2013)); Wang et al.| (2024)).

Result. In both objectives, the reverse fact (B < A) remains far from the forward representa-
tion (Fig. [3), inconsistent with a simple representational “collapse” into a direction-agnostic con-
cept. Instead, both are consistent with “two-slot” storage. Importantly, the detailed structure differs:
NTP+Masking shows stronger subject-centric clustering (same-source facts are closer), while MLM
shows weaker structure (reverse resembles unrelated facts).
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3.3.2 LINEAR PROBING FOR INSEPARABILITY.

The significant distances in Fig. [3] suggest that the model’s internal geometry does not treat a fact
and its reverse as privileged counterparts. However, distance alone does not preclude a more subtle
possibility: the two directions might be far apart, yet still be connected by a consistent mapping.
Concretely, the model might encode a stable transformation that takes the representation of a forward
fact to the representation of its reverse—a ‘“semantic bridge” that could implement reversal as a
reusable operation rather than as an additional lookup.

This idea is motivated by a classic observation in high-dimensional embedding spaces: relational
structure can manifest as consistent offset vectors (e.g., King — Man ~ Queen — Woman). If
bidirectional objectives truly induce a unified, direction-agnostic understanding of facts, we would
expect the forward—reverse relationship to be special in this sense: the vector that connects a fact
to its reverse should have a characteristic signature that differs from vectors connecting that fact to
arbitrary other memories.

We test thlS directly using di]j“erence vectors. - Indistinguishable ~ BEEI vs. Same Source EEEN vs. Same Relation [ vs. Unrelated
For each held-out fact, we compute

Ay = Facty — ReverseFacty,
and compare it to

Ay = Facty — Facto,

Accuracy (%)

where Facts is chosen from one of three con-
trol sets: Same Source, Same Relation, or Unre-
lated. We then train a linear probe (logistic re-
gression) to classify whether a given difference

vector came from a true reversal pair (Apy) or
from a non-reversal comparison (AQ) Flgure 4: Linear lnseparablllty of reversals. Ac-

o ] ] curacy of a logistic regression probe trained to dis-
A key point is how to interpret failure. If the (inoyish (Fact, — ReverseFact;) from (Fact; —
probe achieves only chance accuracy (= 50%),  Fact,). In NTP+Masking, reversals are indis-
then Ay is linearly indistinguishable from Ay: tinguishable from unrelated facts; in MLM, they

the forward—reverse “direction” is no more ,re primarily indistinguishable from same-source
recognizable to a linear readout than the di- fuc¢s.

rection from a fact to some other stored entry.

Mechanistically, this means there is no simple, reusable vector-level signature for “reverse this fact”
encoded in the representation space. In that case, reversal behavior is more naturally explained by
symmetric encoding: the reverse direction is encoded as an additional entry, rather than derived via
a privileged transformation from the forward one.

NTP + Masking

Figure [4] shows that this is exactly what happens, but in different ways for the two objectives. For
NTP+Masking, Ay is already indistinguishable from Unrelated (and Same Relation) comparisons:
the reverse direction looks, to a linear readout, like a jump to arbitrary knowledge. For MLM, A, is
primarily indistinguishable from Same Source comparisons: reversals are confused with other facts
indexed under the same subject. Thus, both objectives solve reversal without an explicit “reverse”
transform in representation space, but MLM appears to impose a stronger entity-centric organization
than NTP+Masking. This conclusion is specific to linear structure and does not rule out a potential
systematic nonlinear reversal mapping.

4 DISCUSSION AND CONCLUSION

Our results separate behavior from mechanism. Bidirectional supervision (explicit MLM or decoder-
only masking-based training) reliably fixes the behavioral reversal curse (Fig. [T), but our analyses
suggest this does not correspond to a single direction-agnostic representation of a fact (Figs. Bl
). We do not require exact order-invariant representations: natural-language reversals can differ
pragmatically, and inverse relation tokens may be arbitrary. However, if bidirectional supervision
induced a unified, direction-agnostic “fact” representation, we would still expect the two directions
to become more closely coupled in representation space than unrelated facts. Instead of a single
direction-agnostic representation, both objectives are consistent with learning two distinct entries
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that support forward and reverse queries. Crucially, they organize these entries differently: MLM
exhibits stronger subject-centric clustering, while NTP+Masking yields a geometry where reversals
can be as indistinguishable as unrelated facts.

Conclusion. Mitigating the reversal curse through bidirectional supervision is a meaningful step
toward more data-efficient learning, but it may not resolve the underlying brittleness of latent gen-
eralization. A direct direction for future work is to design objectives or architectures that couple
the two directions of a fact—enforcing representational linkage (shared keys, explicit transforms, or
consistency constraints) rather than learning a second independently-indexed memory entry.
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[ Held-out fact (train forward only): A > Test query (reverse): <

. — predict A }

-
NTP (causal mask)
Train input: 2 >
Loss: next-token prediction on the sequence.

Examples:
v a> (standard forward sequence)
X B < ... (wedo not train on reverse prompts)

-

e

MLM (bidirectional attention)

Train input: corrupt by masking tokens.
Ablation 1 examples:
V' A [MASK]

V' A > [MASK]

X [MASK] > (disallowed: would mask 2)

Loss: predict the masked token(s).
-

r

NTP + Masking (causal mask)

Train input: masked context + unmasked continuation.
Ablation 1 examples:
v A> [MASK] [SEP] A >

v’ A [MASK] [SEP] A >
X [MASK] > [SEP] A > (disallowed: masks A in context)

-

Loss: next-token prediction only on the unmasked continuation segment (everything after [SEP]).

Figure 5: Overview of training setups.

A DATASET DETAILS

A.1 DATASETS

To ensure the robustness of our findings, we utilize four distinct datasets ranging from synthetic to
semantic knowledge. Importantly, all datasets are novel, i.e. not contaminated from pre-training.

Simple Reversal (Lampinen et al., 2025b): This dataset is explicitly designed to have sufficient
diversity for minimal training from scratch. The universe consists of 1,000 entities and 20 relations

(plus a reverse relation for each).

* Data Volume: The total universe of facts is 1, 000 entities x 20 relations x 2 directions =

40, 000 sequences.

* Split: We hold out 200 specific facts for testing. For these 200 facts, the model is trained
only on the forward sequences. The remaining 39,800 sequences are included in the train-

ing set to establish the structural patterns of the relations.

* Augmentation: To create diverse training documents, each relation sentence is augmented

with up to 5 random prefix and suffix tokens.

Nonsense Entities (Lampinen et al.,[2025a): This dataset consists of synthetic nonsense words
constructed to test structural learning without any potential semantic leakage from pre-training.

» Example: “femp are more dangerous than glon.”
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* Structure: There are 100 such comparisons provided, with comparison words sampled
from a set of 28 (e.g., “brighter”, “heavier”). Each comparison is repeated across 10 differ-
ent training examples, paired with randomly sampled preambles.

* Split: To facilitate structural learning, 40% of the forward sentences in the training data are
explicitly augmented with their reverse counterparts. The test set consists of the remaining
facts where the reverse direction was strictly held out.

Fictional Celebrity (Berglund et al.,|2024): This dataset consists of fictional celebrity names and
their descriptions.

o Example: “Daphne Barrington is the director of 'A Journey through Time’.”
* Split details: 50 %.

Semantic Structure Lampinen et al.|(2025a): This benchmark employs a relational semantic
hierarchy with nonsense terms to test deductive inference.

* Example: “gruds” (dogs) are a type of “abmes” (mammals).

» Structure: The hierarchy includes 110 categories with naturalistic, asymmetric proper-
ties. To mitigate tokenization artifacts, nonsense terms are formed from plausible English
phoneme combinations (4-5 letters).

B OBIECTIVE DETAILS AND HYPERPARAMETERS

Optimization. Unless stated otherwise, we fine-tune pretrained models with learning rate 2 x 10~°
for 10° steps. For Simple Reversal, we train from scratch using the architecture and training setup
in|Lampinen et al.| (2025b).

MLM masking rates. For BERT-style MLM, we use the standard masking procedure: each token
is selected for masking with probability 0.15 Devlin et al| (2019). (For multi-token entities and
natural language prompts, this yields diverse corrupted contexts.)

Decoder-only masking rates (NTP + Masking). For NTP+Masking on language-based datasets,
we follow [Pan et al. (2025) and sample a masking ratio uniformly from (0.05,0.95) per example,
then mask tokens accordingly in the context segment placed before the unmasked target segment.

Special case: Simple Reversal masking. In Simple Reversal, each fact is exactly three tokens
(A, relation, B). Rather than applying a 15% token-level rate (which would rarely mask anything),
we construct controlled variants by masking exactly one of the three positions (source, relation, or
target), or pairs thereof, matching the sweep in Fig.

B.1 ILLUSTRATION OF TRAINING SAMPLES ON Simple Reversal

Table2]illustrates, for a single fact “A > B”, what training sequences look like under each objective
(for Simple Reversal). This is only meant as an intuition pump; for multi-token entities, MLM uses
token-level masking with probability 0.15 and NTP+Masking uses a sampled masking ratio.

C AUXILIARY ABLATIONS

C.1 ABLATION II: PROBING FOR REPRESENTATIONAL COLLAPSE

Given that the successful models require predicting A in the context of B to succeed, we investigated
the nature of this link. Do these models learn a structured relationship, or does the bidirectional
attention (or its approximation) simply cause a “representational collapse” where A and B become
strongly associated in a bag-of-words manner, ignoring syntax?

If the representations had collapsed (i.e., the model simply learns “A goes with B”), we would
expect the model to predict A regardless of the syntactic frame. We tested this by probing the



To appear at the ICLR 2026 Workshop on Representational Alignment (Re-Align)

Objective Example training sequences for fact A > B

NTP A > B

MLM [MASK] > B, A [MASK] B, A > [MASK]

NTP + Masking A > B, [MASK] > B [SEP] A > B, A [MASK] B [SEP] A > B, A >

[MASK] [SEP] A > B

Table 2: Illustrative training sequences for Simple Reversal. MLM predicts masked tokens directly.
NTP+Masking places a masked context before the unmasked continuation and trains the model to
reconstruct the unmasked segment.

Dataset Training fact example Probe (false frame; relation Acc.
unchanged)
Simple A>B B > [MASK] (would wrongly 0%
Reversal suggest A)
Nonsense “femp are more dangerous than “glon are more dangerous than 0%
glon” [MASK]” (would wrongly suggest
femp)

Table 3: Ablation II (syntax probe): if the model had collapsed to a bag-of-entities association, the
target (B / “glon”) would trigger predicting the training-time source (in red) even in an incorrect
syntactic frame. Instead, accuracy remains 0% on these probes.

successful MLM and “NTP + Masking” models with the novel structure: “B > ...7”. Note that
this is a false statement in our setup (as B is the object), but if the model had merely associated the
entities, the presence of B should trigger the retrieval of A even in this incorrect frame. Table [3]lists
representative probe instances.

We report this probe for Simple Reversal and Nonsense. We omit Celebrity because that dataset does
not train/test on an explicit inverse relational operator: many prompts are effectively definitional
(“X is the director of Y’ — “Who is X?”), so the “wrong-frame” construction does not cleanly
correspond to flipping the syntactic direction while keeping the same relation token. We also omit
Semantic Structure for the same reason as above: the hierarchical templates make it ambiguous what
constitutes a comparable single-slot “false frame” probe.

The models achieved 0% accuracy on this probe (Table[3). This result indicates that the representa-
tions have not collapsed. The models distinguish the contexts: they retrieve A when B appears in a
reverse frame (or in the “[MASK] >” slot), but correctly refuse to associate them in the wrong syn-
tactic direction. Given this, one could argue that MLM is in fact doing latent learning behaviorally.
Whether it does so by encoding forward and reverse facts in separate memories is an implementation
debate.

C.2 ABLATION III: THE PREDICTION BIAS

Finally, we investigated the limits of what information an MLM model actually encodes. In Ablation
I, we observed that predicting the source is necessary for reversal. This raises a fundamental question
about latent generalization: If a model attends to a token constantly but is never forced to predict it,
does it learn that token at all?

To test this, we trained models on the forward sequences “A > B”. We used a modified MLM
objective where we masked A and the relation tokens, but strictly never masked B. We then tested
the model on the forward prediction: “A > [MASK]” (expecting B). Note that this is not a reversal
task; it tests the model’s ability to recall the exact sequence seen during training.

Despite B being fully visible in the attention mechanism during every training step (while predicting
A or >), the model achieved 0% accuracy when asked to predict B at test time.
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This reveals a severe Prediction Bias: the model fails to learn representations for tokens that are
not explicitly targets of the loss function. Even though B is required to predict A, the model treats
B merely as a conditioning context and does not encode it as a generatable output. This suggests
a bleak outlook for latent generalization in current architectures: information encoded solely in
activations (via attention) without a corresponding gradient update on the token itself is effectively
invisible to the generation mechanism.

Connection to post-training. This offers a lens on a standard post-training choice: many
SFT/RLHF pipelines compute loss only on the answer tokens, not on the prompt/question. This
is often desirable (it discourages parroting the prompt), but it may also reinforce the same bias:
prompt-side spans can condition behavior without being learned as reliably generatable outputs
when those spans are later required.
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