Why Thinking Hurts: Diagnosing and Rectifying Linguistic Inertia in
Large Language Models for Recommendation
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Abstract

Chain-of-Thought (CoT) reasoning is widely
used to improve LLM performance, and re-
cent foundation recommender models adopt it
by generating textual reasoning before predict-
ing target items represented by Semantic IDs
(SIDs). However, we observe that enabling
thinking mode in models such as OpenOneRec
can degrade recommendation quality by up to
25%. We investigate this failure and identify
Linguistic Inertia: when a textual CoT seg-
ment is inserted before SID generation, the
model relies more on natural-language con-
text and less on historical SID evidence. Fur-
ther analyses show that this effect is ampli-
fied by reduced access to historical informa-
tion and longer CoT lengths. To mitigate it,
we propose Linguistic-Inertia-Calibrated De-
coding (LICD), a training-free framework that
combines Reasoning-Chain Compression and
Bias-Subtracted Contrastive Inference. Exper-
iments on three large-scale benchmarks show
that LICD consistently outperforms both no-
thinking and original-thinking baselines. Our
code is available at https://github.com/
USTC-StarTeam/LICD.

1 Introduction

Large language models (LLMs) have demon-
strated strong reasoning abilities through Chain-
of-Thought (CoT) prompting, where step-by-step
reasoning improves their performance on a wide
range of tasks (Wei et al., 2022; Guo et al., 2025).
A natural expectation is that such reasoning should
also benefit recommender systems. By explaining
why a user may prefer certain items, the model
may form a more coherent understanding of user
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Figure 1: Impact of Thinking Mode on OpenOneRec.

intent before making a prediction. Recent founda-
tion recommender models (Zhou et al., 2025a; Liu
et al., 2025) have adopted this paradigm: a unified
LLM first generates a textual reasoning chain and
then predicts the target item represented by hierar-
chical Semantic IDs (SIDs).

However, we observe a counter-intuitive phe-
nomenon: enabling thinking mode can sometimes
reduce recommendation quality. As shown in
Fig. 1, on three large-scale benchmarks, activating
CoT reasoning in OpenOneRec leads to a perfor-
mance drop of up to 25% compared with direct
prediction without reasoning. This observation
raises a question for both NLP and recommender
systems: Why can reasoning be harmful, and can
we make it beneficial for SID prediction?

We investigate this question through an empir-
ical analysis and identify a phenomenon we call
Linguistic Inertia. It refers to the tendency of
an LLM to rely more on natural-language context
and less on historical SID evidence when a textual
CoT segment is inserted before SID generation. In
foundation recommender models, this means that
the model may underuse the rich information in
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historical interactions and instead depend more on
the reasoning chain. Since the CoT is not always
correct or sufficiently informative, amplified Lin-
guistic Inertia can negatively affect the final rec-
ommendation. Our analysis shows that two factors
strengthen this effect: reduced historical informa-
tion and increased CoT length.

Motivated by these findings, we propose
Linguistic-Inertia-Calibrated Decoding (LICD), a
training-free inference framework that controls the
two factors above to prevent textual information
from overwhelming the SID history. LICD con-
sists of two components. First, Reasoning-Chain
Compression distills the verbose CoT into a single
structured preference statement, reducing textual
length while retaining intent-related signals. The
compressed reasoning chain is then used to con-
struct the Expert context. Second, Bias-Subtracted
Contrastive Inference weakens historical informa-
tion to construct an Amateur context, which ex-
poses the text-dominated behavior caused by Lin-
guistic Inertia. LICD then calibrates the final rank-
ing by subtracting the normalized Amateur score
from the Expert score. Experiments on three pub-
lic datasets show that LICD consistently outper-
forms both the no-thinking and original-thinking
baselines. Our main contributions are as follows:

» We identify Linguistic Inertia, a systematic phe-
nomenon in thinking-enabled foundation recom-
mender models, where textual reasoning makes
SID prediction rely more on natural-language
context and less on historical SID evidence.

* We identify two factors that amplify Linguistic
Inertia: reduced historical information and in-
creased CoT length.

* We propose LICD, an analysis-driven training-
free framework that calibrates this reasoning
shift through Reasoning-Chain Compression
and Bias-Subtracted Contrastive Inference.

» Extensive experiments show that LICD con-
sistently improves over both thinking and no-
thinking baselines, mitigating the negative effect
of Linguistic Inertia.

2 Empirical Analysis

In this section, we investigate how the thinking
mode changes Semantic-ID prediction in founda-
tion recommender models. Our analysis reveals a

systematic phenomenon we term Linguistic Iner-
tia: when a textual CoT segment is inserted before
SID generation, the model tends to rely more on
the textual reasoning region and less on the histor-
ical SID sequence when making the final predic-
tion. We further analyze the factors that amplify
this effect and find that Linguistic Inertia becomes
significantly stronger when the available historical
information is reduced or when the textual CoT
segment becomes longer.

2.1 Identifying Linguistic Inertia

We begin by examining how the textual CoT seg-
ment alters the model’s decision-making at the
critical prediction position—the token where the
model outputs the target Semantic ID.

Setup. Let x denote the input sequence contain-
ing both Semantic ID (SID) tokens from the user’s
interaction history and textual instruction tokens.
In thinking mode, the model generates a textual
CoT c before predicting the target item y. We
extract the attention distribution at the prediction
position from the last Transformer layer, averaged
over all heads, and compare Think=Off, where y is
predicted from x alone, with Think=On, where y
is predicted from the concatenated context (x, ¢).

Observation 1: Attention shifts from SID his-
tory to textual context. We define the SID At-
tention Ratio as the fraction of total attention
mass allocated to SID tokens at the prediction po-
sition. Formally, leta € R” be the attention vector
and Z the set of SID token positions:

Zal/zaa

1€T

SID Attention Ratio (SAR) =

As shown in Fig. 2(a), enabling thinking mode re-
duces the SID Attention Ratio on both datasets
(Product: —9.6%; AD: —15.5%). This suggests
that inserting a textual CoT segment reallocates at-
tention away from historical SID tokens, leaving
relatively more attention mass on non-SID textual
context at the prediction position.

Observation 2: History+CoT logits become
closer to text-only logits. The attention analysis
shows reduced reliance on SID history; we next ex-
amine whether this change is reflected in the SID
logit space. Let 8 = £(y | x=,¢) — (y | z) de-
note the logit change caused by inserting the tex-
tual CoT into the history context, and letb = ¢(y |
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Figure 2: Evidence of Linguistic Inertia. (a) The SID
Attention Ratio drops when thinking mode is enabled,
indicating that attention shifts away from historical SID
tokens. (b) The logit change caused by adding CoT is
highly correlated with the logit pattern from the CoT-
only context (r = 0.680), suggesting that the final de-
cision is more influenced by textual information.

¢) — £(y | =) denote the contrast between a CoT-
only textual context and the history-only context.
If § and b are highly correlated, then the model’s
decision under history+CoT is closer to a text-only
decision than to a primarily history-based one.

We define the drift-bias correlation as:

r = PearsonCorr(d, b). (2)

A larger » means that the effect of adding CoT
is more consistent with the CoT-only contrast. As
shown in Fig. 2(b), Product obtains a strong pos-
itive correlation (r = 0.680), indicating that the
SID logits under history+CoT are substantially
dominated by the textual CoT.

These two observations jointly reveal:

Linguistic Inertia

Once a textual CoT is fed into the LLLM be-
fore SID generation, the LLM tends to rely
more on information expressed in natural
language and less on information encoded
by historical SID tokens.

Although the textual CoT does not always con-
tain wrong information, it may include halluci-
nated details, over-generalized descriptions, or
coarse preference summaries. The risk is that,
when producing the target Semantic ID, the LLM
may over-rely on the textual CoT and underuse the
SID sequence, allowing text-derived cues to dom-
inate the recommendation even when the history
contains more precise item-level evidence.

2.2 Probing Linguistic Inertia via
Information Masking

We next examine which factors amplify Linguistic
Inertia. At the prediction position, the LLM condi-

tions on both the historical SID sequence x and the
textual CoT segment c. We therefore selectively
mask one source at a time: masking history tests
whether reduced SID information makes the LLM
rely more on the textual CoT, while masking CoT
tests whether this effect depends on the readable
content of the CoT itself.

Approach. For each sample, we generate the
textual CoT from the full history and then mask
either the historical SID tokens or the CoT to-
kens with <|endoftext|> at ratios from 0% to
90%. Mask History weakens the SID-history sig-
nal while keeping CoT unchanged, whereas Mask
CoT weakens the textual CoT while keeping his-
tory unchanged. We keep the sequence length
fixed and report SID Attention Ratio and drift-bias
correlation 7.

Results. Fig. 3 presents three findings.

Finding 1: Weakening history amplifies tex-
tual dominance. When history tokens are pro-
gressively masked (Fig. 3(a,d)), the SID Attention
Ratio drops and 7 rises sharply (Product: 0.68 —
0.96). This indicates that as the historical SID se-
quence becomes less informative, the LLM relies
less on history and makes decisions increasingly
consistent with the CoT-only context.

Finding 2: Masking CoT content does not
proportionally restore history reliance. When
CoT tokens are masked (Fig. 3(b,e)), the SID At-
tention Ratio increases only marginally (Product:
4+1.5% at 90% mask), while r increases monoton-
ically (Product: 0.68 — 0.87). Since larger r
means stronger consistency with the CoT-only log-
its, this suggests that the LLM remains strongly
influenced by the textual CoT region even when
much of its readable content is masked. Thus, Lin-
guistic Inertia is not solely determined by the spe-
cific semantic content of CoT tokens.

Finding 3: CoT length is a major contribu-
tor to attention dilution. We truncate the CoT to
different lengths while keeping the history intact.
As shown in Fig. 3(c), the SID Attention Ratio de-
creases as CoT length increases, and at 32 tokens it
nearly recovers to the Think=Off level on Product
(0.243 vs. 0.243). Since truncation changes both
length and content, this does not rule out semantic
effects; however, it shows that the amount of tex-
tual CoT is an important factor behind attention
dilution. Fig. 3(f) suggests that shortening CoT
restores SID attention more effectively than it re-
moves logit-level text consistency.
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Figure 3: Probing Linguistic Inertia via information masking and length control. (a,d) Masking history SID
tokens reduces SID attention and increases r, indicating that weakened history makes the decision more text-
dominated. (b,e) Masking CoT tokens only mildly restores SID attention while r continues to increase, suggesting
that Linguistic Inertia is not solely determined by the semantic content of CoT tokens. (c,f) Truncating CoT shows
that textual length is a major contributor to attention dilution. Full details are provided in Appendix B.

Implications for method design. The analysis
identifies two factors that amplify Linguistic In-
ertia: reduced history information and increased
CoT length. Finding 3 suggests that the textual
reasoning channel should be length-controlled be-
fore SID prediction, since long free-form CoT re-
duces attention to SID tokens. Finding 1 shows
that when the historical SID sequence is weakened,
the LLM relies more on the textual CoT, revealing
how it behaves under text-dominant conditions.

Therefore, our method controls these two fac-
tors separately. We use a short, structured Ex-
pert context to limit the textual CoT length, and a
weakened-history Amateur context to expose the
text-dominant behavior for contrastive calibration.
The goal is not to discard CoT, but to prevent tex-
tual information from overwhelming the SID his-
tory during final ranking.

3 Method: Linguistic-Inertia-Calibrated
Decoding

Motivated by the empirical findings above, we
propose Linguistic-Inertia-Calibrated Decoding
(LICD), a training-free inference framework for
SID prediction. The key idea is to preserve the
useful preference information introduced by think-
ing while preventing the textual reasoning seg-

ment from overwhelming the historical SID ev-
idence. To this end, LICD calibrates the final
ranking through two complementary contexts: an
Expert context that uses the full history with a
compact preference control, and an Amateur con-
text that weakens the history to expose the text-
dominated behavior caused by Linguistic Inertia.
LICD consists of two components.  First,
Reasoning-Chain Compression with Entropy Gat-
ing converts the free-form CoT into a short, struc-
tured preference statement, and rejects uncertain
compressed controls. This reduces attention dilu-
tion while retaining preference-relevant cues. Sec-
ond, Bias-Subtracted Contrastive Inference con-
structs a weakened-history Amateur context to ex-
pose Linguistic Inertia, and subtracts its normal-
ized score from the Expert score during inference.

3.1 Reasoning-Chain Compression

Section 2.2 shows that longer textual CoT reduces
the SID Attention Ratio even when the historical
SID sequence is intact. This indicates that verbose
reasoning can dilute SID-grounded evidence dur-
ing prediction. However, the CoT may still con-
tain useful high-level preference cues. We there-
fore compress the free-form reasoning chain into
a short and structured preference control before fi-
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nal SID prediction.

Compression operator. Given the interaction
history z, the model first generates a free-form rea-
soning chain ¢ under thinking mode. We then ap-
ply a compression operator:

¢= T(C)v (AS Cprefa (3)

where Cp,r is a restricted space of concise prefer-
ence statements. The compressed control ¢ is con-
strained by a fixed template and a length budget:

le| < Le. “)

Instead of preserving the reasoning trajectory, ¢
keeps only the preference-relevant information
needed for SID prediction, reducing the verbose
linguistic artifacts that amplify Linguistic Inertia.

Instantiation. We instantiate 7 with an off-the-
shelf instruction-following model. The compres-
sor removes intermediate reasoning and keeps
preference-relevant information from the CoT.
The full prompt is shown in Fig. 4. It outputs one
sentence in the format: The current user’s prefer-
ence is [summary content]. The sentence is used
as the compact control ¢ in the Expert context.

3.2 Bias-Subtracted Contrastive Inference

Reasoning-chain compression reduces the length
of the textual context, but it does not explicitly
remove the text-dominated bias identified in Sec-
tion 2.2. The masking analysis shows that weaken-
ing historical SID tokens makes the prediction in-
creasingly aligned with the CoT-only decision pat-
tern. We therefore construct an Amateur context
with degraded history to expose Linguistic Inertia,
and subtract its signal from an Expert context that
uses the full history and compressed reasoning.

Expert context. The Expert context conditions
on the full interaction history x and the com-
pressed preference control ¢:

zE(y)zlong(y\x,é), yEy- 5)

This context preserves SID-grounded evidence
while retaining the compact preference cues ex-
tracted from the reasoning chain.

Amateur context. To capture the text-
dominated bias, we weaken the history by
masking a fraction p of SID tokens:

x, = Mask,(z). 6)

System Message

You are a user profiling expert. Please read
the analysis process below and directly
summarize the user’s core preferences.
Requirements:

1. Ignore filler words such as “I need to
analyze”, “First”, etc.

2. Provide only one conclusion sentence.

3. Format: The current user’s preference
is [summary content].

Input Example: ... Output Example: ...

{Original_CoT}

Figure 4: Prompt structure for reasoning-chain com-
pression. The free-form CoT is compressed into a sin-
gle structured preference statement.

We then regenerate a free-form reasoning chain
from the degraded history,

ca~ Pyl | zp), (N

and compute the Amateur score:

za(y) =1og Po(y | xp, ca). )

Since the SID evidence in x, is weakened, high-
probability candidates under this context are more
likely to reflect Linguistic Inertia rather than pre-
cise history-grounded preference.

Score normalization. Because the two contexts
may have different score scales, we normalize
scores within the candidate set ):

) = 2O e qpay o

where p and oy are the mean and standard devia-
tion of {zj(y)}ycy, and € is a small constant.

Bias-subtracted scoring. The ranking score is:
S(y) =

where o > 0 controls the strength of bias subtrac-
tion. The final prediction is:

Zp(y) —a-2a(y), (10)

g = arg max S(y). (11)

yeY
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This contrastive score rewards candidates sup-
ported by the full-history Expert context and penal-
izes candidates favored by the weakened-history
Amateur context. In this way, the model can use
reasoning-derived preference cues while reducing
the Linguistic Inertia on the final SID ranking.

4 Experiments

4.1 Experimental Setup

Datasets and Metrics. We evaluate on three
large-scale industrial recommendation datasets
from ReclIF-Bench (Zhou et al., 2025a)!: AD,
Product, and Video, covering advertising click
prediction, e-commerce purchase prediction, and
short-video engagement prediction, respectively.
Items are represented as hierarchical Semantic ID
triplets (Sq, Sp, Sc), Where each level has an 8,192-
token vocabulary. User histories longer than 100
interactions are truncated to the most recent 100 in-
teractions. We report Recall@ K and NDCG@ K
for K € {5,10} on the official test splits. Dataset
statistics are provided in Appendix A.

Baselines. We compare with three categories of
recommendation models. (i) Discriminative rec-
ommenders: SASRec (Kang and McAuley, 2018),
HSTU (Zhai et al., 2024), and ReaRec (Tang
et al., 2025). (ii) Generative recommenders:
TIGER (Rajput et al., 2023) and LC-Rec (Zheng
et al., 2024). (iii) Foundation recommender mod-
els: OpenOneRec (Zhou et al., 2025a) at both
1.7B and 8B scales. For OpenOneRec, we eval-
uate both the non-thinking mode (ThinkOff) and
the raw reasoning mode (ThinkOn). All non-
OpenOneRec baselines are trained or evaluated
following their domain-specific benchmark proto-
cols, while OpenOneRec is used as released with-
out additional domain-specific fine-tuning.

Implementation. Our method is training-free
and is instantiated on OpenOneRec-1.7B and
OpenOneRec-8B. The reasoning-chain compres-
sor is Qwen2.5-7B-Instruct used off-the-shelf,
without recommendation-specific training. All hy-
perparameters are selected on the validation split
and then fixed for test evaluation. Detailed imple-
mentation settings and search ranges are reported
in Appendix A.

1https://huggingface.co/datasets/OpenOneRec/
OpenOneRec-RecIF

4.2 Main Results

Table 1 shows that our method consistently
achieves the best overall performance across all
datasets and model scales. First, all discrimi-
native and generative recommenders are substan-
tially outperformed by LLM-as-Rec models such
as OpenOneRec, even including LLM-based base-
lines such as LC-Rec. This highlights the strong
advantage of foundation-scale pre-training for rec-
ommendation.

Second, the comparison between OpenOneRec
ThinkOn and ThinkOff shows that directly en-
abling reasoning often degrades recommendation
performance rather than improving it. This sup-
ports our finding in Section 2: raw CoT can induce
linguistic inertia, shifting SID prediction away
from interaction-driven evidence toward textual
reasoning signals. In contrast, our method recov-
ers from this degradation and further surpasses the
ThinkOff baseline, indicating that calibrated rea-
soning can preserve useful preference cues while
suppressing text-dominant bias. The relatively
smaller improvement on Video is likely because
the base model often fails to activate thinking
mode in this domain, leaving limited reasoning
signal and thus less linguistic inertia to correct.

Third, the gains are more pronounced on the
1.7B model than on the 8B model. This sug-
gests that smaller models are more vulnerable to
reasoning-induced attention distraction and there-
fore benefit more from our correction mechanism.

Finally, since LICD is designed as a training-
free inference-time calibration method, its practi-
cality depends on whether the additional compres-
sion and contrastive scoring introduce acceptable
overhead. We therefore report a latency analysis
in Appendix 4.6, showing that the added cost is
moderate compared with the ThinkOn pipeline.

4.3 Ablation Study

To evaluate the contribution of each component,
we conduct an ablation study on OpenOneRec-
1.7B over the AD and Product datasets. We con-
sider two CoT-processing variants and two decod-
ing variants. For CoT processing, (1) w/o Com-
pression replaces the compressed CoT ¢ with raw
reasoning chain c¢ in the Expert view, while (2)
Short Thinking prompts the model to generate a
shorter reasoning chain without post-hoc compres-
sion. For decoding, (a) w/o Contrastive removes
the Amateur penalty by setting a« = 0, while (b)
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AD

Product

Video

Method R@5

R@10

N@5

N@10

R@5

R@10

N@5

N@10

R@5

R@10

N@5

N@10

SASRec 0.3609

Disc.

HSTU
ReaRec

0.4593
0.4121

0.6689
0.8548
0.7207

0.3403
0.4337
0.3959

0.4570
0.5848
0.5121

0.1701
0.1862
0.2211

0.3038
0.3491
0.3954

0.2365
0.2352
0.2814

0.2451
0.2756
0.3183

0.1881
0.2029
0.1967

0.3649
0.3886
0.4068

0.2932
0.3224
0.3110

0.3472
0.3552
0.3653

Gen.

TIGER
LC-Rec

0.3973
0.5796

0.6742
1.0047

0.4109
0.5730

0.5107
0.7271

0.1258
0.2765

0.2287
0.5185

0.1478
0.3468

0.1795
0.4141

0.2288
0.1568

0.4133
0.3637

0.3920
0.2627

0.4090
0.3202

OpenOneRec-1.7B

ThinkOff
ThinkOn
LICD

A

1.7825

1.1400

1.9104
+7.18

2.9611

1.9996

3.1701
+7.06

1.7210

1.0993

1.8791
+9.19

2.1437

1.4090

2.3212
+8.28

1.9522

1.4524

2.1307
+9.14

3.0202

2.2759

3.3102
+9.60

2.4071
1.7974

2.6949
+11.96

2.5966
1.9510

2.8921
+11.38

1.1805

1.1596

1.2068
+2.23

2.0120

1.9994

2.0420
+1.49

1.9114

1.9795

2.0170
+1.89

1.9161

1.9749

2.0089
+1.72

OpenOneRec-8B

ThinkOff
ThinkOn
LICD

A

2.3267

1.2301

2.4891
+6.98

3.9311

2.0836

4.0424
+2.83

2.2941

1.1957

2.3764
+3.59

2.8560

1.4965

2.9316
+2.65

2.4274

1.7072

2.5423
+4.73

3.7792

2.6095

3.9019
+3.25

3.0245

2.1238

3.1035
+2.61

3.2798

2.2785

3.3727
+2.83

1.5016

1.4963

1.5417
+2.67

2.0420

2.0184

2.0960
+2.64

2.9910

2.9273

3.0785
+2.93

2.4629

2.4194

2.5365
+2.99

Table 1: Main results on three datasets. R@K and N@ K denote Recall@ K and NDCG@ K, respectively. All
metric values are multiplied by 100. A reports the relative improvement (%) of LICD over OpenOneRec without

thinking. Improvements are statistically significant at p < 0.05.

AD Product

Variant R@5 N@5 R@5 N@5
OpenOneRec-1.7B

- ThinkOn 1.140 1.099 1452 1.797

- ThinkOff 1.783 1.721 1952 2.407
CoT Processing Variants

(1) w/o Compression  1.721  1.700 2.028 2.511

(2) Short Thinking 1.768 1.706 2.031 2.572
Decoding Variants

(a) w/o Contrastive 1.831 1.808 2.050 2.516

(b) Amateur Only 1461 1412 1858 2.338
Full (LICD) 1910 1.879 2.131 2.695

Table 2: Ablation study. Values are x100.

Amateur Only ranks candidates using only the Am-
ateur score z4. We report ThinkOff and ThinkOn
of OpenOneRec-1.7B as reference points.

Table 2 reports the results. The CoT-processing
variants show the necessity of explicit compres-
sion. Variant (1) underperforms Full, indicating
that directly using raw CoT in the Expert view
reintroduces linguistic inertia. Variant (2) also
performs worse than Full, suggesting that simply
shortening reasoning is insufficient; the CoT still
needs to be distilled into a stable preference con-
trol for SID prediction.

The decoding variants verify the role of con-

—4-- ndeg@s - recall@s -a- ndeg@S - recall@s

ndeg@s
¢
o
Ot

Figure 5: Sensitivity analysis on AD with respect to
contrastive strength o and Amateur mask ratio p.

trastive calibration. Variant (a) improves over raw
ThinkOn but remains below Full, showing com-
pression alone cannot eliminate the text-dominant
bias. Variant (b) substantially underperforms Full
and ThinkOff, confirming the Amateur view ex-
poses linguistic inertia under weakened-history
conditions and should serve as a negative refer-
ence rather than a standalone predictor.

4.4 Hyperparameter Sensitivity

Our method mainly involves two inference-time
hyperparameters: the contrastive strength « in
Eq. 10 and the mask ratio p for constructing the
Amateur context in Eq. 8. Each parameter is swept
independently while keeping the others fixed.

Contrastive strength o.  The left panel of Fig. 5
shows that a small positive o improves Recall@5
and NDCG@5, indicating the Amateur view pro-
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vides a useful negative signal for correcting lin-
guistic inertia. When « is too small, the text-
dominant bias exposed by the Amateur context is
insufficiently removed. As « increases to a mod-
erate range, this bias is better calibrated, and the
ranking becomes more reliable. However, large
« gradually hurts performance, suggesting that
the Amateur distribution may still contain useful
coarse preference cues and should not be over-
penalized. Overall, the method performs well
within a broad small-a range, showing the con-
trastive strength does not require precise tuning.

Mask ratio p. The right panel of Fig. 5 shows
that performance remains stable across a wide
range of mask ratios. This suggests that the Am-
ateur context does not rely on a specific masking
level. Instead, it only needs to weaken the histor-
ical SID signal enough to reveal the model’s text-
dominant tendency. The best performance appears
around a moderate-to-large mask ratio, where the
history signal is sufficiently weakened while the
remaining context can still support meaningful
CoT generation. These results indicate that our
method is robust to the choice of p and can be ap-
plied without extensive per-domain tuning.

4.5 Layer-wise SID Decomposition

To further examine how Linguistic Inertia affects
hierarchical SID generation, we analyze the im-
pact of ThinkOn at different Semantic ID lev-
els. Each item is represented as a three-level SID
triplet (sq, Sp, Sc), where s,, sp, and s. capture
coarse-, middle-, and fine-grained semantics, re-
spectively. Since SIDs are generated autoregres-
sively from coarse to fine, later levels require more
precise SID-grounded evidence from user history
to distinguish among similar items.

For each level [ € {a,b,c}, we compare the
rank of the ground-truth SID token under ThinkOff
and ThinkOn. An instance is counted as hurt if
ThinkOn assigns a worse rank than ThinkOff, and
we report the corresponding hurt rate.

As shown in Table 3, ThinkOn hurts all SID lev-
els, but the degradation becomes stronger at finer
levels. On AD, the hurt rate increases from 59.4%
at the coarse level s, to 68.8% at the fine level
S¢. Product shows the same trend, increasing from
58.1% to 68.0%. This indicates that raw thinking
does not uniformly affect hierarchical SID predic-
tion; instead, its negative effect is amplified as gen-
eration moves from coarse semantic prediction to

Dataset s, (Coarse) s, (Middle) s. (Fine)
AD 59.4 64.4 68.8
Product 58.1 62.3 68.0

Table 3: Layer-wise hurt rate of ThinkOn compared
with ThinkOff. Values are percentages.

fine-grained item matching.

This trend supports our interpretation that CoT
mainly provides coarse-grained preference priors,
such as category interests or general consumption
intent. Such priors may help narrow the candi-
date space at the early SID level. However, accu-
rate recommendation further requires selecting the
correct fine-grained item within that broad pref-
erence direction, which depends more heavily on
collaborative signals and item-level evidence en-
coded in the historical SID sequence. When the
textual prior introduced by CoT is over-amplified,
the model tends to follow natural-language pref-
erence descriptions and underuse the historical
SID evidence needed for fine-grained discrimina-
tion. Therefore, the ground-truth fine-level token
is more likely to be ranked lower under ThinkOn.

These findings further motivate LICD. Rather
than discarding CoT, LICD calibrates its influ-
ence: reasoning-chain compression preserves use-
ful coarse preference information, while bias-
subtracted contrastive inference suppresses the
text-dominant shift. In this way, CoT is used as
an auxiliary coarse-level prior without overriding
SID-grounded evidence for item-level prediction.

4.6 LICD Efficiency Analysis

Motivation. LICD adds compression and three-
view scoring on top of the ThinkOn pipeline. We
quantify the additional inference latency to assess
its practical deployability.

Method. We estimate latency using the mea-
sured generation speed, i.e., 50 tokens/s for 1.7B
and 20 tokens/s for 8B, and the measured prefill
speed, i.e., 3000 tokens/s for 1.7B and 1500 to-
kens/s for 8B. We compare the latency of ThinkOff,
ThinkOn, and our full method.

Analysis. Table 4 shows that our method in-
troduces only moderate latency overhead over
ThinkOn, ranging from 15% to 19% across
datasets and model scales. This is because the
dominant cost, CoT generation, is already incurred
by the ThinkOn pipeline. Our method does not
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Product AD
Method 1.7B 8B 1.7B 8B
ThinkOff latency (s) 3.1 7.2 2.7 6.2
ThinkOn latency (s) 26.1 64.6 26.1 64.8
LICD latency (s) 31.0 74.9 30.9 74.4
Ours / ThinkOn 1.19x 1.16x 1.18x 1.15x

Table 4: Latency comparison. Ours/ThinkOn denotes
the relative latency compared with ThinkOn.

generate longer reasoning chains; instead, it com-
presses the existing reasoning output and performs
additional scoring passes for contrastive reranking.
Therefore, the extra cost mainly comes from the
compression step and the prefill computation for
the Expert and Amateur views.

Conclusion. Our method achieves better recom-
mendation performance than both ThinkOn and
ThinkOff while adding less than 19% latency over
ThinkOn.

5 Related Work

LLM-Based Recommendation Empowered by
deep semantic understanding, Large Language
Models (LLMs) have catalyzed a paradigm shift
in recommendation systems. Early approaches
directly elicited recommendation results via in-
context learning or prompt engineering (Achiam
et al., 2023; Gao et al., 2023; Sun et al., 2024; Liu
et al., 2023). To better inject domain-specific col-
laborative knowledge, instruction tuning emerged
as a prevailing paradigm (e.g., P5 (Geng et al.,
2022), TALLRec (Bao et al., 2023)), aligning
LLMs with recommendation tasks by reformu-
lating user data into natural language sequences.
However, verbose text representations struggle to
efficiently encode collaborative signals. Conse-
quently, a paradigm shift is occurring towards us-
ing discrete Semantic IDs to represent items (Zhou
et al., 2025a; Liu et al., 2025; Rajput et al., 2023;
Zheng et al., 2024).

Reasoning-Enhanced = Recommendation In
LLM-based recommendation, reasoning capabil-
ities are pivotal for capturing user preferences
and generating explainable outcomes (Kim et al.,
2024b,a; Zhou et al., 2025b,a). While some
explore implicit reasoning (Tang et al., 2025;
Zhang et al., 2025), recent research predom-
inantly prioritizes explicit Chain-of-Thought
(CoT) processes. Since raw interaction data lacks
reasoning ground truth, the dominant paradigm

utilizes capable LLMs as teachers to generate
synthetic rationales (Fang et al., 2025; You et al.,
2025; Sabouri et al., 2025; Tsai et al.,, 2024,
Bismay et al., 2025). To mitigate teacher-induced
noise, works like OneRec-think (Liu et al., 2025)
incorporate retrieval mechanisms for autonomous
logical chain construction.

6 Conclusion

In this paper, we investigated the failure of CoT
reasoning in foundation recommender models. We
found that textual reasoning before SID genera-
tion introduced Linguistic Inertia, which made the
model depend more on natural-language context
and less on historical SID evidence. We showed
that this problem became more serious with less
historical information and longer CoT segments.
To mitigate it, we proposed LICD, a training-free
decoding method that combined reasoning-chain
compression with bias-subtracted contrastive in-
ference. Experiments on three large-scale bench-
marks demonstrated that LICD outperformed both
no-thinking and original-thinking baselines.

Limitations

Although our proposed LICD offers a practical
inference-time solution for mitigating reasoning-
induced shifts in large recommendation models,
several issues remain for future study. Our
experiments are conducted on three representa-
tive datasets covering advertising, e-commerce,
and video recommendation, and further work is
needed to verify whether similar shift patterns
hold across broader domains and more diverse
item representations. Moreover, this study mainly
focuses on text-based reasoning in sequential rec-
ommendation, while reasoning in multimodal or
conversational settings may interact with richer
signals such as visual content, user behavior, and
dialogue context. We will continue to explore
these directions to better understand the scope and
characteristics of reasoning-induced shifts.
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A Detailed Experimental Setup

A.1 Evaluation Data Statistics

We evaluate on the official evaluation splits of the
ReclIF-Bench benchmark (Zhou et al., 2025a). The
benchmark contains three industrial recommenda-
tion domains: AD, Product, and Video. All
three domains encode each item as a hierarchical
Semantic ID triplet (s4, s, S¢), where each level
has a vocabulary size of 8,192. For all methods,
user interaction histories exceeding 100 interac-
tions are truncated to the most recent 100 inter-
actions. Table 5 summarizes the evaluation data
statistics. The three domains differ substantially in
catalog size and interaction density, ranging from
79K items in AD to over 1.5M items in Video, thus
providing a diverse testbed for evaluating recom-
mendation performance across domains.

A.2 Training Data Statistics

Table 6 reports the training data statistics for
the per-dataset baselines, including discrimina-
tive recommender models and generative recom-
mender models. Specifically, SASRec (Kang
and McAuley, 2018), HSTU (Zhai et al., 2024),

ReaRec (Tang et al., 2025), TIGER (Rajput et al.,
2023), and LC-Rec (Zheng et al., 2024) are inde-
pendently trained on the corresponding domain-
specific training split from RecIF-Bench (Zhou
et al., 2025a). The training sets vary significantly
in scale: AD contains 4.2M interactions over 161K
items, Product contains 16.1M interactions over
1.79M items, and Video contains 75.7M interac-
tions over 11.59M items.

OpenOneRec (Zhou et al., 2025a), categorized
as an LLM-as-Rec model in our experiments, fol-
lows a different setting. It is pre-trained on the full
cross-domain corpus released with RecIF-Bench,
which contains approximately 120M interactions
from 200K users across the AD, Product, and
Video domains. We use the released OpenOneRec
checkpoints directly and do not perform domain-
specific fine-tuning.

A.3 Baseline Details

We compare against three groups of recommenda-
tion models.

Discriminative recommender models.

* SASRec (Kang and McAuley, 2018) is a self-
attentive sequential recommendation model
that predicts target items from users’ histor-
ical interaction sequences.

* HSTU (Zhai et al., 2024) is a sequential trans-
duction model designed for large-scale rec-
ommendation.

* ReaRec (Tang et al., 2025) enhances se-
quential recommendation with reasoning-
augmented user preference modeling.

Generative recommender models.

* TIGER (Rajput et al., 2023) formulates rec-
ommendation as generative retrieval over se-
mantic item IDs.

* LC-Rec (Zheng et al., 2024) adapts LLMs
for recommendation by incorporating collab-
orative semantics.

LLM-as-Rec models.

* OpenOneRec (Zhou et al., 2025a) is an open-
source foundation recommendation model
trained on the RecIF-Bench cross-domain
corpus. Unlike per-domain baselines,
OpenOneRec is pre-trained across multiple
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Domain #Users #Items #Inter. Avg. Hist. Avg. Tgt.
AD 27,677 79,185  1,050K 32,5 5.4
Product 27,910 365,228  1,890K 60.9 6.8
Video 38,781 1,577,337 4,224K 100.0 8.9

Table 5: Statistics of evaluation datasets. Histories exceeding 100 interactions are truncated to the most recent
100. Avg. Hist. denotes the average number of historical interactions per user, and Avg. Tgt. denotes the average

number of target items per user.

Domain  #Users #Items #Inter. Avg. Hist. Avg. Tgt.
AD 110,858 161,305 4.2M 32.6 5.4
Product 113,210 1,792,738 16.IM 135.6 6.8
Video 156,245 11,589,098 75.7M 4754 8.9

Table 6: Training data statistics for per-dataset baselines. Avg. Hist. denotes the average number of historical
interactions per user, and Avg. Tgt. denotes the average number of target items per user.

recommendation domains and directly gen-
erates recommendations through hierarchical
Semantic IDs. We evaluate OpenOneRec at
both 1.7B and 8B scales.

For SASRec, HSTU, ReaRec, TIGER, and LC-
Rec, we train one model per domain using the
corresponding domain-specific training split. For
OpenOneRec, we directly use the released pre-
trained checkpoints without additional domain-
specific fine-tuning.

A.4 Implementation Details and
Hyperparameter Search

Our method is training-free and is applied to
OpenOneRec-1.7B and OpenOneRec-8B. The
reasoning-chain compressor is implemented with
Qwen2.5-7B-Instruct and used off-the-shelf with-
out fine-tuning. All evaluations are performed on
GPUs.

Candidate generation uses beam search with
beam width B = 32. We report Recall@ K and
NDCG@K for K € {5,10}.

For our method, we conduct a grid search over
the following hyperparameters:

o € {0.00,0.05,0.10,0.15,0.20, 0.30, 0.50, 0.70, 1.00},
p € {0.10,0.30,0.50,0.70,0.90}.
Here, « is the contrastive strength in Eq. 10, p is

the mask ratio for constructing the amateur con-
text.

B Details of the Empirical Analysis
Experiments

This section provides full details of the empirical
analysis experiments in Section 2 to ensure repro-
ducibility.

Model and data. All experiments use the
OpenOneRec-1.7B model (Qwen3ForCausalLM
architecture) with 24,576 Semantic ID tokens
organized in a three-level hierarchy (<s_a_x*>,
<s_b_*>, <s_c_*>, 8,192 tokens each). We eval-
uate on two datasets: Product (e-commerce item
recommendation) and AD (advertisement recom-
mendation), using 300 randomly sampled test in-
stances per dataset.

Attention extraction. We extract attention
weights from the last Transformer layer at the pre-
diction position (the token immediately following
<|sid_begin|>). Attention is averaged across all
heads to obtain a single distribution over the input
sequence. The SID Attention Ratio is computed
as the sum of attention weights on all SID-related
token positions (including <|sid_begin]|>,
<|sid_end|> and all <s_a/b/c_x> tokens)
divided by the total attention mass.

Drift-bias correlation. For each sample, we
compute logits over all 8,192 first-level SID to-
kens (<s_a_*>) under three conditions: (1) history
only (), (2) history + CoT (z, ¢), and (3) CoT only
(history replaced with a generic instruction). The
drift vector d and bias vector b are computed in
this 8,192-dimensional logit space, and Pearson r
is computed per sample then averaged.

CoT generation. Reasoning chains are gener-
ated with temperature 0.7, do_sample=True, and
a maximum length of 256 tokens. The </think>
token marks the end of reasoning. If the model
does not produce </think> within 256 tokens, we
append it manually.
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Masking protocol (Section 2.2). Token-level
random masking replaces selected positions with
the <|endoftext|> token (token ID 151643, the
model’s EOS/padding token). Masking is applied
at 10 ratios: {0%, 10%, 20%, ..., 90%}.

* Mask History: For each sample, we identify all
SID token positions in the user message (before
the assistant turn). A random subset of these
positions (determined by the mask ratio) is re-
placed with the padding token. The CoT is gen-
erated once from the full history and remains
fixed across all mask ratios.

* Mask CoT: The full CoT is generated from the
unmasked history. A random subset of CoT to-
ken positions (excluding the final </think> to-
ken) is replaced with the padding token. The
history remains intact.

Both conditions preserve the original sequence
length and positional encodings. A fixed random
seed (42) ensures reproducibility, with a separate
RNG instance for masking operations.

CoT length experiment (Section 2.2, Finding
3). For each sample, we generate the full reason-
ing chain (up to 256 tokens) from the unmasked
history. We then truncate the CoT at 8 lengths:
{32,64,96,128,160, 192,224,256} tokens. At
each truncation point, the last token is replaced
with </think> to maintain a well-formed reason-
ing boundary. The history remains intact across
all truncation lengths. We measure the SID Atten-
tion Ratio and drift-bias correlation at each length,
using the same attention extraction and logit com-
putation procedures described above.

Statistical significance. All reported trends are
verified with Wilcoxon signed-rank tests compar-
ing the 0% and 75% mask conditions (p < 0.01
for all primary metrics on the Product dataset).

C Subspace Visualization

To provide intuition for the partial alignment be-
tween the Semantic ID Subspace and the Gen-
eral Subspace, we perform Principal Compo-
nent Analysis (PCA) (Mackiewicz and Ratajczak,
1993; Abdi and Williams, 2010) on the token
embeddings from the model’s embedding layer.
As shown in Fig. 6, the two subspace distribu-
tions exhibit partial overlap—indicating that pre-
training achieves some degree of alignment—yet
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Figure 6: PCA visualization of token embeddings from
the Semantic ID Subspace and the General Subspace.
The two distributions are partially aligned but remain
structurally distinct.

remain semantically distinct. This structural sepa-
ration explains why relying primarily on general-
subspace tokens (e.g., extended CoT) may reduce
access to semantic-ID-specific evidence during de-
coding.
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