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Soft prompts can benefit some instances while negatively impacting others, — = What Is the Relationship Between Information Accumulation and Changes
sometimes leading the model to incorrect answers despite being [ in Information Flow Patterns?
unnecessary. Determining their positive or negative effect on reasoning is We analyze the correlation between information accumulation and deep-layer
crucial, yet understanding why reasoning succeeds or fails remains ;- flow changes by computing saliency scores and defining thresholds for
challenging. 0002 | significant accumulation and flow shifts. Sampling 100 examples, we find that
e e \ - | shallow-layer accumulation strongly correlates with deep-layer flow changes,
Question: Natalia sold clips to 48 of her ( i’ Nl <ol 48 - et o A1 p : : R R R T A R R I VR e . . .
s Ayl G e sl o | el 0 15034 <2 Too 72 sl | [ ] confirming a consistent pattern.
Natalia sell altogether in April and May? E Ao by E . . . .
el oo Ao ,; The left figure shows layer-by-layer saliency scores for prompt-to-question and prompt-to-rationale interactions. The right figure What IS the Re|at|0n5hlp Between Informatlon AccumUIatlon and Changes
S illustrates significant information accumulation within sc;frt]gﬁr;;r)&t;:,i,ovr\:glt—)ereaspecific token strongly influences both the question in |nformation FIOW Patterns?
Question: Natalasold lips fo 48 ofhe g T A ' @ We visualize saliency scores across layers, revealing how prompt information We analyze 50 correct and 50 incorrect cases, measuring the relationship
0 friends il.lAE.)l'ﬂ, and then she sold.half.as E otal. Natalia sold ¢ ’2 =s s C'i“s‘ ’ ] . . ) ) . . ) .
bt e | Wekmow tha Nt sod scipe i api socoas. § #r60 ! (R flows to the question and rationale. The strongest influence occurs in shallow between reasoning accuracy and information flow changes using . Results
RISl AMOENEL ] AP Al R | Thus, Natalia sold C + C/4 =48 +48/4 = 48 + 12 = 60 clips : . _ _ . _ _ ] ] .
— N RN 4 S layers, particularly between layers 2 and 10, where prompt information is most show that correct reasoning relies more on earlier tokens, while excessive soft
Input the same question to guide the LLM to answer it. The model was originally able to provide the correct answer, but intensely aggregated. To further understand this effect, a fine-grained analysis of prompt influence in later steps leads to errors, aligning with human cognitive
after adding the soft prompts, R produced an error In reasoning. information flow in these layers is necessary.Additionally, the saliency matrix of patterns.
Key Contributions: shallow layers shows that certain soft tokens accumulate strong influence on
- We analyze saliency scores to explore how soft prompt information reasoning, indicating their significant role in shaping the model’s output. Dynamlc Prompt Corru ptIOn
accumulation affects erroneous reasoning. Our findings show that deeper &___ﬂ_
soft prompt influence increases the likelihood of incorrect answers. Instance Analysis . oymamic rager
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« Experimental results show that DPC significantly outperforms vanilla Softprompt Queston O Sofiprompt. Question O Sofipomg Question O - -
prompt tuning on complex reasoning tasks, highlighting its effectiveness T
.. Correct answers (left) show balanced saliency, shifting from soft prompts to rationale and the question. Wrong answers Dynamic corruption
and Superlorlty. (right) exhibit excessive shallow-layer saliency and disrupted deep-layer flow, causing errors. Dynamic Prompt Corruption (DPC) identifies erroneous information flow patterns and selectively corrupts soft prompt
_ _ o tokens at accumulation points, mitigating their negative effects.
After analyzing numerous cases, we find that wrong answers often exhibit
Information Flow AnaIyS|S for Soft Prompts excessive saliency accumulation in shallow layers, disrupting information flow in Dynamic Prompt Corruption (DPC) identifies erroneous information flow
| | | | deeper layers and causing over-reliance on soft prompts. In contrast, correct patterns by detecting excessive information accumulation in soft prompts.
To an.alyze factors mfluencmg Chain-ot-Thought (CoT) reasoning, we answers maintain a balanced rationale extraction in shallow layers, with deeper Using a dynamic trigger strategy, it pinpoints affected reasoning steps and
examine the mod.el s inference Process across thr.ee key componen.ts. layers shifting focus to earlier reasoning steps and the question, ensuring more locates the soft prompt token most responsible for disruption. To mitigate
Erompt : QU.eStIOH , and I.?atlonale . Using Sa“en_C)./ score§, which accurate outcomes. errors, DPC applies targeted corruption by masking the identified token and
Integrate gradients and attention values, we assess their interactions and reducing the smallest percent of embedding values, effectively alleviating the
impact on the output, providing insights into information flow. Prompt tuning Analysis negative impact of harmful accumulation.
The saliency matrix is computed by multiplying an attention matrix and J : = bicm Experlmental Results
its gradient of loss (:) for the target output element-wise, the -th layer's - _ . B _
’ _ . * g 3 om0 Llama2-13B Llama3-8B Mistral-7B
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We further compute the mean of saliency matrices of all layers and all DPC 41.9 9.2 31.1 67.6 363 425 51.1 164 319
1 The left figure shows the relationship between shallow-layer information accumulation and deep-layer flow changes, the
. — , : T . . middle figure illustrates the differing flow intensity from soft prompts to later rationale steps in good and bad cases, and the . . .
heads with =— _, _; (), thereby visualizing the information flow right figure compares overall flow intensity between them. Experiments show that DPC effectively reduces soft prompt interference,
among , |, improving reasoning accuracy across models and datasets. Saliency analysis

confirms its success in guiding models toward correct reasoning.



