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ABSTRACT

Continual pre-training on low-quality social media content causes “brain rot”—
measurable degradation in LLM capabilities that persists after instruction tuning.
We investigate whether gradient-based data selection can mitigate this degrada-
tion by selecting training samples whose gradients are orthogonal to capability-
preserving anchors. We propose Orthogonal Junk, a three-stage pipeline that
computes anchor gradients from diverse benchmarks, scores candidates by gra-
dient orthogonality, and uses pool-weighted sampling to balance selection qual-
ity with data diversity. Experiments on Llama-3.2-1B-Instruct reveal mixed re-
sults: Orthogonal Junk provides modest improvement on long-context understand-
ing (RULER: +2.89pp vs random selection) but unexpectedly degrades reason-
ing (ARC-Challenge: —5.12pp). A simple perplexity baseline outperforms our
method on RULER (+8.05pp). Analysis reveals that data repetition—an artifact
of subset selection—is a dominant confound, with repetition rate affecting reason-
ing more than selection quality. These findings suggest that gradient orthogonality
at the LM head may not capture the full dynamics of capability preservation.

WARNING: This paper was generated by an automated research system. The code
is publicly available

1 INTRODUCTION

Large language models (LLMs) are increasingly trained on web-scale data that includes substan-
tial amounts of low-quality content. Recent work has demonstrated that continual pre-training
on engagement-optimized social media content causes measurable degradation in model capabil-
ities (Xing et al., [2025), a phenomenon termed “brain rot.” This degradation persists even after
subsequent instruction tuning, raising concerns about the long-term effects of training on noisy,
low-quality data sources. As LLMs are deployed in applications that require continual adaptation
to new data streams, understanding and mitigating this capability degradation becomes increasingly
1mportant.

We investigate whether gradient-based data selection can mitigate brain rot by filtering training sam-
ples based on their geometric relationship to capability-preserving gradients. Drawing on insights
from continual learning methods such as Gradient Episodic Memory (Lopez-Paz & Ranzato, [2017)
and PCGrad (Yu et al., 2020), we hypothesize that training samples whose gradients are orthogonal
to an anchor gradient computed from capability-preserving examples should cause minimal inter-
ference with existing model knowledge. We propose Orthogonal Junk, a three-stage pipeline that
computes anchor gradients from diverse capability benchmarks, scores candidate samples by gradi-
ent orthogonality, and uses pool-weighted sampling to balance selection quality with data diversity.

Our experiments on Llama-3.2-1B-Instruct reveal mixed results that challenge the gradient orthog-
onality hypothesis. While Orthogonal Junk provides modest improvement on long-context under-
standing (RULER: 54.66% vs 51.77% for random selection, +2.89pp), it unexpectedly degrades
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reasoning ability (ARC-Challenge: 23.21% vs 28.33%, —5.12pp). A simple perplexity-based base-
line substantially outperforms our method on RULER (62.71%) while showing similar reasoning
degradation. Analysis reveals that data repetition—an artifact of subset selection when the selected
pool is smaller than the token budget—is a dominant confound: reducing repetition from 9.57x to
2.31x improves ARC from 15.36% to 23.21%, while RULER remains relatively flat.

Our contributions are: (1) We propose Orthogonal Junk, a gradient-based data selection method
for continual pre-training that selects samples with gradients orthogonal to capability-preserving
anchors. (2) We provide empirical evidence that brain-rot effects are task-dependent, with long-
context understanding (RULER) more vulnerable than reasoning (ARC-Challenge). (3) We identify
data repetition as a critical confound in subset selection methods, showing that repetition rate domi-
nates selection quality for reasoning performance.

2 METHOD

2.1 PROBLEM FORMULATION

We consider the setting of continual pre-training (CPT) on low-quality data, where a pre-trained
language model 6y is updated on a corpus Dy of potentially harmful content. The standard CPT
objective minimizes the next-token prediction loss:
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Recent work has demonstrated that CPT on engagement-optimized social media content causes
substantial degradation in model capabilities (Xing et al., |2025)), a phenomenon termed “brain rot.”
This degradation persists even after subsequent instruction tuning, suggesting that harmful updates
become embedded in the model’s representations.

The capability preservation objective seeks to maintain performance on a set of protected tasks
T ={T1,...,T}} while adapting to new data. Formally, we want to find parameters 6* such that:

0 = arg min ECPT(G) S.t. ETT(H) < ETi (90) +e, VL eT 2)
6

where L7, denotes the loss on protected task 7; and e is a tolerance threshold. This constrained
optimization is challenging because the constraint set is implicit and evaluating capability retention
requires expensive inference.

2.2  GRADIENT ORTHOGONALITY HYPOTHESIS

We propose a data selection approach based on gradient geometry. The key insight comes from
analyzing how parameter updates affect protected capabilities. Consider a gradient descent update
0" = 0 — Ngnew Where gnew = VoLcpr(0). The first-order change in loss on a protected task T; is:
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where g, = VgL, (0) is the gradient on the protected task. This analysis, which underlies gradient-
based continual learning methods such as GEM (Lopez-Paz & Ranzato|2017)) and PCGrad (Yu et al.|
2020), reveals that capability degradation is governed by the inner product between the training
gradient and the protected-task gradient.

When {gnew, g1,) > 0, the update reduces loss on both the new data and the protected task (beneficial
transfer). When (gnew, g7,) < 0, the update conflicts with the protected task (harmful interference).
Critically, when gnew L g7, the update has minimal first-order effect on the protected capability.

This motivates our gradient orthogonality hypothesis: training samples whose gradients are or-
thogonal to a capability-preserving anchor gradient should cause minimal interference with existing
model capabilities. Rather than modifying gradients during training as in GEM or PCGrad, we pro-
pose filtering the training data to select samples that naturally produce orthogonal updates, following
the data-centric approach of recent work on gradient-based selection (Zhang et al.| 2026).
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Figure 1: Orthogonal Junk data selection pipeline. Stage 1 computes an anchor gradient from
capability-preserving examples (GSM8K, MMLU, Alpaca). Stage 2 scores each junk tweet by
gradient orthogonality to the anchor. Stage 3 uses pool-weighted sampling from the top-50% most
orthogonal tweets to balance selection quality with data diversity.

2.3  ORTHOGONAL JUNK PIPELINE

We propose Orthogonal Junk, a three-stage data selection pipeline for continual pre-training on
low-quality data (Figure [I). The pipeline selects junk samples whose gradients are most orthog-
onal to a general-capability anchor, hypothesizing that these samples are least likely to overwrite
important model knowledge.

Stage 1: Anchor Gradient Computation. We construct an anchor dataset D,pcnor Of 400 exam-
ples covering diverse capabilities: 150 examples from GSMS8K (Cobbe et al., [2021) (mathematical
reasoning), 150 from MMLU (Hendrycks et al., 2020) (world knowledge), and 100 from Alpaca
(instruction following). The anchor gradient is computed as the mean gradient over this dataset:
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For computational efficiency, we compute gradients only with respect to the LM head and embed-
ding layers (21.25% of parameters), following the observation that these layers capture task-relevant
information while being computationally tractable (Xia et al.,[2024).

Stage 2: Orthogonality Scoring. For each candidate junk sample x;, we compute its gradient
9i = VoL(x;;0) and measure orthogonality to the anchor:

|gi : gref‘
19 llll gret

Samples with Orth(x;) ~ 1 have gradients nearly orthogonal to the anchor and are predicted to
cause minimal capability interference.

Orth(z;) = 1 — | cos(gi, gret)] = 1 — 5)

Stage 3: Pool-Weighted Selection. A naive approach would select the top-k samples by orthogo-
nality score. However, this causes severe data repetition when the selected subset is smaller than the
target token budget, leading to degraded performance (see Section[3). Instead, we use pool-weighted
sampling: we first filter to the top-50% most orthogonal samples (the “pool”), then sample from this
pool with probabilities proportional to exp(Orth(z;)/T") where T = 2.0 is a temperature parameter.
This balances selection quality with data diversity, reducing repetition from 9.57x to 2.31x while
maintaining preference for high-orthogonality samples.



“QANALEMMA

Table 1: Main experimental results comparing data selection methods for continual pre-training on
junk tweets. Best in bold, second-best underlined. All methods use Llama-3.2-1B-Instruct with
matched token budget (~1.22M tokens). A shows change relative to Junk-Random baseline.

Method ARC-CoT (%) RULER (%) A ARC A RULER
Base SFT 31.06 80.35 +2.73 +28.58
Control SFT 30.72 66.83 +2.39 +15.06
Junk-Random SFT 28.33 51.77 — —
Perplexity SFT 21.76 62.71 —6.57 +10.94
Orth Junk SFT 23.21 54.66 —5.12 +2.89

3 EXPERIMENTS

3.1 EXPERIMENTAL SETUP

We evaluate Orthogonal Junk on the brain-rot continual pre-training setting, where models are up-
dated on engagement-optimized social media content that may degrade capabilities.

Model. We use Llama-3.2-1B-Instruct (Dubey et al., 2024)) as our base model. While the original
brain-rot study (Xing et al., 2025) used Llama-3-8B-Instruct, we use a smaller model to fit compu-
tational constraints while still observing measurable degradation effects.

Data. Following the M1 junk definition from [Xing et al.| (2025), we use 69,056 engagement-
optimized junk tweets characterized by high popularity and short length (average 16.7 tokens
per sample, ~1.15M total tokens). For the control condition, we use 12,068 high-quality tweets
(~1.21M tokens, average 100.4 tokens per sample). All conditions use matched token budgets of
approximately 1.22M tokens.

Baselines. We compare five conditions: (1) Base SFT: No CPT, direct instruction tuning on Al-
paca 5K (upper bound for capability retention); (2) Control SFT: CPT on high-quality control
tweets followed by SFT (isolates tweet format effect); (3) Junk-Random SFT: CPT on randomly
sampled junk tweets followed by SFT (disease induction baseline); (4) Perplexity SFT: CPT on
low-perplexity junk tweets followed by SFT (quality filtering baseline); (5) Orth Junk SFT: CPT
on orthogonality-selected junk tweets followed by SFT (proposed method).

Training. CPT uses learning rate 1 x 10~° with cosine scheduler, 3 epochs, and DeepSpeed ZeRO-
3 on 8 GPUs. SFT uses Alpaca 5K with learning rate 2 x 107>, 3 epochs, and best checkpoint
selection by validation loss.

Evaluation. We measure reasoning ability using ARC-Challenge (Clark et al., 2018) with
chain-of-thought prompting (temperature 0.6, top-p 0.9) and long-context understanding using
RULER (Hsieh et al.,[2024)) at 4096 sequence length. RULER includes 13 subtasks across needle-in-
a-haystack retrieval (NIAH), aggregation (FWE, CWE), variable tracking, and question answering.

3.2 MAIN RESULTS

Table [T] presents the main experimental results comparing all five conditions on reasoning (ARC-
Challenge CoT) and long-context understanding (RULER).

Brain-rot effect is task-dependent. Comparing Control SFT to Junk-Random SFT reveals that
junk tweet CPT causes substantial degradation on RULER (—15.06 percentage points) but lim-
ited degradation on ARC-Challenge (—2.39pp). This suggests that long-context understanding is
more vulnerable to brain-rot than reasoning ability at the 1B scale. Notably, even Control CPT
on high-quality tweets degrades RULER significantly compared to Base SFT (66.83% vs 80.35%,
—13.52pp), indicating that CPT on any short-context tweet data disrupts long-context abilities.

Orthogonal Junk provides modest RULER improvement but harms ARC. Orth Junk SFT
achieves 54.66% on RULER, outperforming Junk-Random SFT (51.77%) by +2.89pp. However, it
unexpectedly degrades ARC-Challenge to 23.21%, which is 5.12pp below Junk-Random (28.33%)
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Table 2: RULER subtask breakdown. Best in bold (excluding Base SFT reference). Subtasks: S1-3
= NIAH Single 1-3, MK1-3 = NIAH Multi-Key 1-3, MQ = MultiQuery, MV = MultiValue, VT =

Variable Tracking.
Method S S22 S3 MKI MK2 MK3 MQ MV FWE CWE VT HotpotQA SQuAD | Overall
Base SFT 1000 100.0 100.0 988 962 602 99.0 986 674 397 816 4238 60.3 | 80.35
Control SFT 1000 1000 958 812 504 162 867 827 608 379 69.6 348 527 | 6683
Junk-Random  99.8 1000 738 766 420 64 603 453 408 180 356 300 445 | 5177
Perplexity 1000 1000 904 812 520 234 906 769 525 390 334 314 44 | 6271
Orth Junk 968 988 894 792 352 36 751 584 369 261 448 252 412 | 5466

Table 3: Optimization trace showing how selection strategy affects performance and data diversity.
Reducing repetition improves ARC but not RULER.

Variant ARC-CoT (%) RULER (%) Unique Samples Repetition
v1 (top-10%) 15.36 60.72 6,905 9.57x
v2 (weighted all) 18.77 54.53 43,663 1.58x
v3 (pool 50%) 23.21 54.66 29,831 2.31x

and 7.85pp below Base SFT (31.06%). This suggests that gradient orthogonality selection may
inadvertently filter out samples beneficial for reasoning.

Perplexity filtering outperforms orthogonality on RULER. The simple perplexity baseline
achieves 62.71% on RULER, substantially outperforming Orth Junk SFT (54.66%) by +8.05pp.
However, perplexity filtering also degrades ARC (21.76%), performing worse than both Junk-
Random and Orth Junk on reasoning. Both filtered methods underperform the unfiltered Junk-
Random baseline on ARC, suggesting that subset selection itself may be harmful when it reduces
data diversity.

3.3 RULER SUBTASK ANALYSIS

Table 2] provides a detailed breakdown of RULER performance across 13 subtasks to identify where
orthogonality-based selection helps or hurts.

Orthogonal Junk’s only clear advantage is on Variable Tracking, where it achieves 44.8% compared
to 35.6% for Junk-Random (+9.2pp) and 33.4% for Perplexity. Variable Tracking requires maintain-
ing state across long contexts, suggesting orthogonality-based selection may preserve some aspects
of sequential reasoning. However, Orth Junk underperforms Perplexity on nearly all other subtasks,
particularly on NIAH tasks (MK3: 3.6% vs 23.4%) and aggregation tasks (CWE: 26.1% vs 39.0%).
The hardest NIAH subtask (MK3) shows severe degradation across all CPT conditions, dropping
from 60.2% (Base) to single digits for junk-trained models.

3.4 DATA REPETITION ANALYSIS

A critical confound in subset selection is data repetition: when the selected subset is smaller than
the target token budget, samples must be repeated, potentially causing overfitting. Table [3] shows
how our selection strategy evolved to address this issue.

The original top-10% hard cutoff (v1) selected only 6,905 unique samples, requiring 9.57 X rep-
etition to match the token budget. This caused severe ARC degradation (15.36%), likely due to
overfitting on repeated samples. Switching to score-weighted sampling from all data (v2) increased
diversity to 43,663 unique samples but diluted selection quality, improving ARC to 18.77% while
RULER dropped to 54.53%. Our final pool-weighted approach (v3) balances quality and diversity
by sampling from the top-50% pool, achieving 29,831 unique samples with 2.31x repetition.

As shown in Figure [2] ARC improves monotonically as repetition decreases (15.36% — 23.21%),
confirming that data repetition was the primary cause of reasoning degradation. However, RULER
does not improve correspondingly (60.72% — 54.66%), suggesting that orthogonality-based selec-
tion provides limited benefit for long-context preservation beyond what diversity alone provides.
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Orthogonal Junk Selection: Optimization Trace
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Figure 2: Optimization trace showing how reducing data repetition improves ARC reasoning accu-
racy (15.4% — 23.2%) while RULER long-context performance remains relatively flat (~54-61%).
The dominant confound is data repetition rate, not orthogonality-based selection quality.

This reveals a fundamental limitation: gradient orthogonality computed at the LM head may not
capture the full dynamics of capability preservation across all model layers.

4 RELATED WORK

Data Selection for Language Models. Curating high-quality training data is critical for LLM
performance. Early approaches used heuristic filters based on perplexity (Wenzek et al.| 2019),
deduplication (Lee et al.|[2021)), and domain classifiers. More recent work has developed principled
selection methods: DSIR (Xie et al.,2023)) uses importance resampling to match target distributions,
while DataComp-LM (Li et al., |2024) provides benchmarks for comparing filtering strategies at
scale. A comprehensive survey by |Albalak et al.|(2024) categorizes these approaches and identifies
open challenges. Our work extends this line by using gradient geometry rather than surface-level
quality signals for selection.

Gradient-Based Methods. Gradient information has been leveraged for both continual learning
and data selection. Gradient Episodic Memory (Lopez-Paz & Ranzatol 2017) constrains updates to
avoid increasing loss on previous tasks by projecting gradients onto feasible regions. PCGrad (Yu
et al.| [2020) addresses multi-task conflicts through gradient surgery, projecting conflicting gradients
onto orthogonal directions. For data selection, GRAD-MATCH (Killamsetty et al., [2021) selects
subsets whose gradients approximate full-data gradients, while LESS (Xia et al., [2024) uses influ-
ence functions to identify training examples most relevant to target tasks. Recent work by [Zhang
et al.[ (2026) applies gradient orthogonality specifically for domain adaptation, selecting data with
gradients orthogonal to source domain to maximize transfer. Our approach adapts these principles
to the continual pre-training setting, using orthogonality to capability-preserving anchors rather than
task-specific objectives.

Continual Pre-Training. Catastrophic forgetting remains a central challenge when adapting pre-
trained models to new data. Elastic Weight Consolidation (Kirkpatrick et al.l [2016]) addresses this
by penalizing changes to parameters important for previous tasks, estimated via Fisher information.
Recent surveys (Shi et al.,2024) comprehensively review continual learning methods for LLMs, in-
cluding replay-based approaches and architectural modifications. |Abbes et al.| (2025)) revisit replay
and gradient alignment strategies specifically for continual pre-training, finding that simple replay
often suffices. Layer-specific optimization methods like ELO (Yoo et al.| [2026) selectively update
layers to balance adaptation and retention. Most relevant to our work, Xing et al.| (2025) introduce
the “brain rot” phenomenon, demonstrating that exposure to low-quality social media content de-
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grades LLM capabilities. Our work directly addresses this challenge by proposing gradient-based
data selection as a potential mitigation strategy.

5 CONCLUSION

We investigated gradient-orthogonality data selection as a potential mitigation strategy for brain rot
in continual pre-training. Our proposed Orthogonal Junk method provides modest improvement
on long-context understanding (+2.89pp on RULER) but unexpectedly degrades reasoning ability
(—5.12pp on ARC-Challenge). A simple perplexity baseline outperforms our method on RULER
while showing similar reasoning degradation.

Our analysis reveals two key insights. First, brain-rot effects are task-dependent: long-context under-
standing is substantially more vulnerable than reasoning at the 1B scale. Second, data repetition is a
critical confound in subset selection methods—reducing repetition from 9.57 x to 2.31 x improved
ARC from 15.36% to 23.21%, while RULER remained flat. These findings suggest that gradient
orthogonality computed at the LM head may not capture the full dynamics of capability preserva-
tion, and that simpler quality-based filtering may be more effective than gradient-based selection for
mitigating brain rot.
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